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Part I — AI Reality Check
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Chapter 1 — The AI Moment: Why Every Business
Has to Pay Attention
The first problem with AI in business is not that leaders know nothing. It is that they are being asked to
make decisions before the conversation has become clear.

One person says AI will transform the company. Another warns that confidential data may leak into public
tools. A vendor promises dramatic productivity gains. An employee is already using an AI assistant to
summarise customer emails. A competitor announces an AI initiative. A board member asks whether
management has a strategy. Suddenly AI is no longer a distant technology topic. It is a leadership
issue.[9][10][11][12][2][17]

For many businesses, this creates an uncomfortable pressure. Leaders do not want to look complacent.
They also do not want to spend money on fashionable software that produces little measurable value. They
want to know whether AI matters to their organisation, where to start, what to avoid, and how quickly they
need to move.

This book begins from that practical position. It assumes you are not trying to become an AI researcher.
You are trying to run, grow, protect, or advise a business. Your central question is not “How does every
model work?” It is “What decisions should we make now?”

Why AI feels different

Businesses have adopted new technologies before: spreadsheets, databases, websites, cloud software,
smartphones, social media, ecommerce, analytics platforms, and automation tools. Each changed how
work was done. AI feels different because it touches knowledge work directly.[15][16]

The AI Moment: Pressure Into Decisions
AI pressure enters from the market, customers, workforce, operations, and risk environm…

leadership converts it into choices, guardrails, and learning.

Market
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Operations

Risk

Technology

Leadership
decision

Figure 1.1



The AI Pivot — reader PDF 5

It can draft text, summarise documents, analyse patterns, generate code, classify information, answer
questions, recommend next actions, detect anomalies, and support decisions. It can appear inside tools
that employees already use. It can be adopted informally before leaders have approved a formal
programme. It can be helpful, wrong, impressive, dangerous, cheap to try, and expensive to scale —
sometimes all at once.[2][17][18][14][15]

That combination is what creates the AI moment. The barrier to experimentation has fallen, but the
difficulty of responsible adoption remains high.[13][14]

The leadership challenge

The leadership challenge is to avoid two opposite mistakes.

The first mistake is panic adoption: buying tools, announcing initiatives, and encouraging experimentation
without clear business outcomes or guardrails. This creates noise, duplication, shadow systems, security
concerns, disappointed expectations, and eventually scepticism.[9][10][11][12][13][14]

The second mistake is passive waiting: assuming AI will become clearer later, that it is only relevant to
technology companies, or that the business can postpone learning until the market settles. This can be just
as risky. Competitors may not instantly replace you with AI, but they may learn faster. They may reduce
service friction, accelerate sales preparation, improve forecasting, lower administrative load, or create
more personalised customer experiences. The compounding advantage may come from organisational
learning rather than from one spectacular tool.[13][14]

Good leadership sits between these extremes. It creates disciplined urgency.

Disciplined urgency means acknowledging that AI matters while refusing to be rushed into careless
decisions. It means starting with business problems, not tools. It means allowing controlled
experimentation while managing data, privacy, accuracy, and accountability. It means learning fast without
pretending that every pilot is a transformation.[6][7][8][1][3][4]

AI is not one decision

One reason leaders feel overwhelmed is that “AI strategy” sounds like a single decision. In practice, it is a
sequence of decisions.[13][14]

● What do we need to understand first?

● Which business functions are most exposed to opportunity or risk?

● What use of AI is already happening informally?

● What data can we safely use?

● Which workflows are repetitive, slow, costly, or decision-heavy?

● Where would better prediction, drafting, classification, or knowledge retrieval create value?

● Where would errors, bias, or confidentiality failures cause harm?

● Who is accountable for approving, reviewing, and monitoring AI use?

● Which pilots should we run?

● How will we measure value?

● What will we not automate?[9][10][11][12][1][3]

These questions are more useful than asking whether the business “should adopt AI.” In many
organisations, adoption has already begun at the edges.[13][14] The real question is whether it will be
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invisible and unmanaged or deliberate and governed.

The opportunity is broader than cost cutting

Many AI conversations begin with productivity. That is understandable. If a task that took three hours can
be completed in thirty minutes with appropriate review, the potential is obvious. But productivity is only one
part of the business case.[15][16]

AI can create value through speed, quality, consistency, insight, personalisation, risk detection, and
innovation. A sales team may prepare for customer meetings faster. A service team may resolve routine
queries more consistently. A finance team may detect anomalies earlier. A legal team may review standard
documents more efficiently. An operations team may forecast demand more accurately. A product team
may prototype ideas faster.

But value is not automatic. Time saved does not always become money saved. More content does not
mean better marketing. Faster analysis does not mean better decisions. A chatbot that frustrates
customers can destroy value. A model that exposes sensitive data can create legal and reputational
damage. An AI tool that employees do not trust will sit unused.[1][3][4][15][16][14]

The opportunity is real, but it is conditional. It depends on choosing the right use cases, preparing the right
data, redesigning the right processes, training the right people, and applying the right
governance.[1][3][4][14][15]

The risk is also broader than technology

AI risk is often discussed as if it belongs to IT, legal, or cybersecurity. Those functions matter enormously,
but AI risk is a business risk.

If an AI-generated answer misleads a customer, that is a customer risk. If a hiring tool disadvantages a
group of applicants, that is a people and legal risk. If employees paste confidential information into an
external tool, that is a data risk. If the business relies on a vendor it cannot leave, that is a strategic risk. If
managers use AI outputs without understanding their limits, that is a decision risk.[9][10][11][12][14][15]

This is why AI cannot be delegated entirely to technical teams. It requires business ownership. The people
who understand the customer, the process, the regulation, the brand, the workforce, and the economics
must be involved.[21][22][23][14][15]

The practical starting point

The practical starting point is not a grand AI transformation programme. It is a clear management exercise.

First, create a shared language. Leaders need enough understanding to ask useful questions and avoid
being dazzled or frightened by jargon.

Second, map the business. Identify departments, workflows, decisions, pain points, data sources, and
risks.

Third, establish guardrails. Decide what employees may and may not do with AI tools, especially with
confidential, personal, or commercially sensitive information.[9][10][11][12][14][15]

Fourth, identify candidate use cases. Look for repeated work, information-heavy tasks, slow handoffs,
high-volume queries, forecasting problems, and decision bottlenecks.

Fifth, prioritise. The first AI project should not be the most glamorous. It should be valuable, feasible,
measurable, and safe enough to learn from.



The AI Pivot — reader PDF 7

Sixth, pilot with discipline. A pilot needs an owner, a scope, success measures, human oversight, risk
controls, and a decision gate.[1][3][4]

Finally, learn. The first year of AI adoption is partly about outcomes and partly about capability. Even a
modest pilot can teach the business how its data, people, processes, and governance need to
change.[1][3][4][13][14]

Reader action: turn pressure into a decision

Before moving on, write down the three AI pressures currently affecting your organisation: customer
expectations, competitor activity, employee experimentation, board questions, vendor proposals, or
operational bottlenecks. For each one, note whether it requires immediate action, monitoring, or deliberate
deferral. The aim is not to solve AI in one sitting. It is to turn vague pressure into named
decisions.[1][3][4][14][15][9]

The decision unlocked by this chapter

The decision is simple but important: AI deserves structured leadership attention now.[1][14]

That does not mean every business should spend heavily immediately. It does not mean every function
should be automated. It does not mean every employee should be encouraged to experiment without
limits. It means the business should stop treating AI as background noise and start treating it as a
managed strategic question.

The next chapter provides that foundation by explaining what AI is — and what it is not. Without that clarity,
every later decision becomes vulnerable to hype, fear, or misunderstanding.
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Chapter 2 — What AI Is — and What It Is Not
Artificial intelligence is a phrase that can make a simple conversation complicated. In one meeting, a
manager may describe a customer-service chatbot, a forecasting model, and an image-recognition system
as if they were the same kind of thing. Another colleague may use AI to mean automation. Someone else
may imagine science fiction. In business meetings, this confusion matters because unclear language leads
to unclear decisions.

The aim of this chapter is not to make you technical. It is to give you enough clarity to ask better questions.

A plain-English definition

Artificial intelligence is a family of technologies that allow computer systems to perform tasks that normally
require human-like capabilities such as recognising patterns, understanding language, making predictions,
classifying information, generating content, or recommending actions.

AI Capability Map
A plain-English map of common AI capabilities and how they relate to one another.

Artificial intelligence
Prediction, generation, classification, and

reasoning support

Machine learning

Learns patterns from data

Generative AI

Creates text, code, images, or
other content

AI agents

Plans and acts across steps with
tools

LLMs Retrieval Embeddings Fine-tuning

Figure 2.1

That definition is deliberately broad. AI is not one product. It is not one model. It is not one vendor. It is a
collection of capabilities that can be embedded in many tools and processes.[1][3][9][11]

For a business leader, the practical question is not “Is this truly intelligent?” The practical question is “What
capability is being applied to what business task, using what data, under what controls, to create what
outcome?”[1][3][4][13][14]

Machine learning

Machine learning is a major branch of AI. Traditional software follows rules written by people. Machine
learning systems learn patterns from examples.[13][14]
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A traditional system might say: if invoice amount is above a certain threshold, send it for approval. A
machine-learning system might examine thousands of past invoices and learn patterns associated with
errors, fraud, late payment, or unusual suppliers.[1][3][4][13][14]

The business value of machine learning often lies in prediction and classification. It may help predict
demand, classify customer emails, detect anomalies, recommend products, score leads, or identify
defects.[13][14]

The common misunderstanding is that machine learning “understands” the business like an experienced
employee. It does not. It finds patterns in data. If the data is poor, biased, incomplete, outdated, or
irrelevant, the output may be weak or harmful.[13][14][15]

Generative AI

Generative AI is AI that creates new outputs: text, images, code, audio, video, summaries, designs, and
more. It is the category that made AI visible to many non-technical users because it feels conversational
and accessible.[2][17][18]

A generative AI tool can draft an email, summarise a meeting, produce a training outline, suggest product
names, create code snippets, answer questions from a document, or generate first-pass marketing
copy.[2][17][18][14][15]

The business analogy is a very fast assistant that has read a huge amount, can produce plausible drafts,
but does not have your judgement, accountability, or full context unless you provide it.[1][3][4]

The common misunderstanding is to treat the output as finished work. In most business settings,
generative AI should be treated as a draft, suggestion, analysis aid, or retrieval interface — not an
accountable decision-maker.[19][2][17][18]

Large language models

Large language models, often called LLMs, are the systems behind many modern chatbots and writing
assistants. They are trained on very large collections of text and code and learn to generate language-like
outputs.

An LLM can be useful because much business work is language work: emails, reports, policies, proposals,
contracts, support tickets, meeting notes, research, instructions, training materials, and analysis. If a
system can help produce and interpret language, it touches a large part of the
organisation.[2][17][18][14][15]

But an LLM does not know in the human sense. It can produce confident nonsense. It can misunderstand
the question. It can omit context. It can invent references. It can reflect biases in training data. It can be
excellent for one task and unreliable for another.[2][20][17][18][21][22]

This is why business use requires human review, good prompting, clear boundaries, and — where
important — grounding in trusted company information.[1][3][4][2][20]

Retrieval-augmented generation[19]

Retrieval-augmented generation, often shortened to RAG, is a method where an AI system retrieves
relevant information from a defined source — such as company documents, policies, manuals, or
knowledge bases — and uses that material to help generate an answer.[19][2][17][18]

Imagine asking, “What is our refund policy for enterprise customers?” A general chatbot might guess. A
RAG system should search the approved policy documents and answer using those sources.[1][3][4][19]
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RAG can make AI more useful for business because it connects the model to organisational knowledge.
But it is not magic. If the source documents are outdated, contradictory, poorly structured, or inaccessible,
the output will suffer. RAG reduces some risks but does not eliminate the need for review.[19]

Embeddings

Embeddings are a way of representing words, documents, images, customers, products, or other
information as mathematical patterns so that a system can compare similarity.[19] You do not need to
understand the mathematics to understand the business use. Embeddings help systems find related
documents, match a customer question to the right knowledge article, recommend similar products, or
group messy information into useful clusters.

The practical point is that many AI systems work by comparing patterns, not by reading and understanding
like a person. If the underlying information is poorly organised, incomplete, biased, or out of date, the
comparison may still be weak.

Fine-tuning

Fine-tuning means further training a model on specific examples so that it becomes better suited to a
particular style, domain, or task. It is different from simply uploading documents for retrieval.[19][14][15]

A business might fine-tune a model to classify support tickets in its own categories or to follow a particular
writing style. But fine-tuning is not always necessary. Many businesses should first explore safer, simpler
approaches such as better prompts, retrieval from approved knowledge bases, workflow design, and
human review.[1][3][4][19][2][17]

The mistake is assuming that customisation is always better. Customisation can increase cost, complexity,
maintenance, and risk.

AI agents[2]

An AI agent is a system designed to pursue a goal across multiple steps, often using tools. For example,
an agent might read a customer request, look up account information, draft a response, create a ticket, and
notify a manager — all within defined permissions.

Agents are powerful because they move from answering questions to taking action. That also makes
governance more important. The more an AI system can do, the more carefully the business must define
permissions, monitoring, approval points, and failure handling.

A useful rule is this: the risk of AI increases when it moves from suggestion to action.

Automation versus augmentation

Automation replaces a task or step. Augmentation helps a person perform a task better.

A fully automated chatbot answers a customer without human involvement. An augmented service agent
receives suggested answers while still deciding what to send. A fully automated invoice process approves
payment without review. An augmented finance workflow highlights anomalies for a human to inspect.

Many businesses should begin with augmentation. It is often easier to govern, easier for employees to
trust, and safer in uncertain environments. Automation may follow later where the process is stable, the
risk is low, and performance is measurable.

What AI is not
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AI is not a strategy by itself. Buying AI tools does not mean the business has an AI strategy.

AI is not a substitute for data discipline. If the organisation cannot find, trust, or govern its information, AI
will expose that weakness.

AI is not inherently objective. It can reproduce patterns of bias or error.

AI is not always cheaper. Licensing, integration, training, monitoring, governance, and change
management all cost money.

AI is not a replacement for leadership. It can support decisions, but leaders remain accountable for what
the organisation chooses to do.

The AI Capability Map

Use this simple capability map for every AI proposal. Ask six questions:

● 1. What business problem are we solving?

● 2. What AI capability is being used?

● 3. What data or knowledge does it rely on?

● 4. What could go wrong?

● 5. Where is human judgement required?

● 6. How will we know whether it worked?

These questions turn AI from a vague trend into a manageable business conversation. They also prevent
two common mistakes: assuming AI understands like a human, and treating every AI opportunity as if it
were generative AI.

Reader action: map one AI proposal

Choose one AI idea currently being discussed in your organisation. Write down the business problem, the
AI capability involved, the data or knowledge it needs, the main risk, the required human judgement, and
the evidence that would prove whether it worked. If you cannot complete the map, the idea is not ready for
approval.

The decision unlocked by this chapter

You do not need to become technical to lead AI well, but you do need to distinguish between different
capabilities. A forecasting model, chatbot, retrieval system, agent, and workflow automation all create
different opportunities and risks. The decision unlocked here is the ability to ask: what exactly is this AI
system doing, and what management controls does that require?

The next chapter builds on that clarity by looking at how AI changes the design of work itself.
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Chapter 3 — From Automation to Intelligence:
How AI Changes Work
Many businesses first understand AI through the language of automation. If a machine can do a task faster
than a person, the logic seems simple: automate the task and save the cost. Sometimes that is exactly
right. But if leaders think of AI only as automation, they miss much of its significance.

AI changes work not only by replacing steps, but by changing how people prepare, decide, create, review,
learn, and coordinate.

The old automation model

Traditional automation works best when a process is stable, repetitive, rule-based, and predictable. If the
same input should reliably produce the same output, automation can be powerful.

From Automation to Intelligence
AI changes work by handling parts of the messy middle while humans retain judgement, ex…

handling, and accountability.

Sense Decide Pilot Measure Scale

Figure 3.1

For example:

● send a confirmation email when an order is placed;

● route an invoice above a threshold for approval;

● update inventory when stock is sold;

● create a reminder when a deadline approaches.[1][3][4]

This kind of automation remains valuable. But much business work is not so tidy. It involves incomplete
information, judgement, language, exceptions, trade-offs, and context. That is where AI creates a different
type of possibility.
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AI and the messy middle of work

Every organisation has a messy middle: the work that sits between formal systems and human judgement.

It includes reading long documents, preparing meeting notes, answering recurring questions, comparing
supplier proposals, drafting first versions of policies, reviewing customer feedback, searching old files,
writing reports, classifying issues, and making sense of ambiguous information.[1][3][9][11]

These tasks are not always glamorous, but they consume enormous time. They also influence quality and
speed. AI is particularly relevant here because it can support language-heavy, information-heavy, and
pattern-heavy work.

The goal is not always to remove the human. Often the goal is to move the human to a better part of the
work.

Moving the human to higher-value judgement

Consider a manager who must produce a monthly performance report. In the old workflow, the manager
gathers data, copies figures, reviews comments, writes a narrative, formats slides, and then tries to
interpret what it all means. Much of the time is spent preparing the material rather than thinking about the
business.

An AI-assisted workflow might draft the first narrative from approved data, summarise major changes,
highlight anomalies, suggest questions, and produce a first-pass slide outline. The manager still checks
accuracy, interprets causes, decides recommendations, and owns the final message.[2][20][17][18]

The human has not disappeared. The human has moved from compilation toward judgement.

This shift is central to AI adoption. The best question is not “Can AI do this task?” but “What part of this task
should AI support, and what part must remain human?”[13][14]

Task decomposition

To answer that question, break work into smaller pieces. A task such as “prepare a proposal” contains
many sub-tasks:

● understand the customer’s problem;

● review previous proposals;

● gather pricing and capability information;

● draft the structure;

● write the narrative;

● check compliance;

● tailor the language;

● review risks;

● secure approvals;

● send the final version.[9][10][11][12][13][14]

Some of these steps may be suitable for AI assistance. Others require commercial judgement, relationship
knowledge, legal review, or executive approval. Treating the whole proposal as either “human” or “AI” is
too crude.[1][3][4]
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The same applies to customer service, finance, HR, legal, operations, and product development. AI
adoption begins with task-level understanding.[15][16][13][14]

The human-in-the-loop principle

A human-in-the-loop system is one in which human judgement remains part of the workflow. The human
may review, approve, correct, override, monitor, or investigate the AI’s output.[1][3][4]

Human oversight is especially important where outputs affect customers, employees, legal obligations,
safety, financial decisions, or reputation.[1][3][4][14][15]

In low-risk contexts, AI may draft, summarise, or suggest with light review. In high-risk contexts, the review
must be more formal. For example, an AI-generated marketing headline may require brand review. An
AI-assisted employment decision may require legal, HR, and bias controls. An AI-supported medical or
financial decision may require specialist governance.[1][3][4][2][17][18]

Human-in-the-loop does not mean humans rubber-stamp machine outputs. It means the workflow is
designed so people have the ability, responsibility, time, and information to exercise judgement.[1][3][4]

How AI changes management

AI changes the manager’s job in several ways.

First, managers must decide which work should be augmented, automated, redesigned, or left alone.

Second, they must define quality. If AI produces a draft in two minutes, what makes the draft good
enough? Accuracy, tone, completeness, compliance, source grounding, customer usefulness, and
reviewability may all matter.[2][20]

Third, managers must design controls. Who reviews outputs? What data may be used? What happens
when the system is wrong? How are errors captured and corrected?[1][3][4]

Fourth, managers must help teams adapt. Employees may fear replacement, resent monitoring, distrust
outputs, or overtrust them. Adoption depends on communication and involvement.[1][3][4][13][14][15]

Finally, managers must measure impact. Faster work is only useful if it improves a business outcome.

Do not automate a broken process

AI can make a good process faster. It can also make a bad process fail at scale.

If customer data is inconsistent, an AI personalisation system may personalise badly. If policies are
outdated, an AI assistant may retrieve outdated guidance. If approval steps are unclear, AI may accelerate
confusion. If no one owns data quality, AI may expose the absence of ownership.[1][3][4][21][22][23]

Before applying AI, ask:

● Is the process understood?

● Is the desired outcome clear?

● Are exceptions known?

● Is the data reliable?

● Are responsibilities defined?

● Are risks acceptable?

● Can performance be measured?
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If the answer is no, redesign comes before automation.

The new work equation

AI changes the work equation from “people versus machines” to “people plus systems plus
governance.”[1][14]

The question is not whether AI can do more tasks. It is whether the organisation can design better
workflows around AI’s strengths and weaknesses.

AI is strong at scale, speed, pattern detection, drafting, summarisation, classification, and retrieval.
Humans remain essential for purpose, ethics, context, accountability, relationships, judgement, and final
responsibility.[1][3][4][19]

The best AI-enabled workflows combine both deliberately.

Reader action: task decomposition

Choose one recurring task in your business. Write down:

● 1. The final output.

● 2. Every step required to produce it.

● 3. Which steps are repetitive.

● 4. Which steps require judgement.

● 5. Which steps use sensitive data.

● 6. Which steps create risk if wrong.

● 7. Which steps could be assisted by AI.

● 8. Which steps must remain human-controlled.

● 9. How success would be measured.

This exercise often reveals that the first AI opportunity is not full automation. It is better preparation, faster
drafting, improved retrieval, or more consistent review.[19]

The next chapter turns from work design to business value: where AI creates measurable benefit and
where apparent savings can be misleading.

The decision unlocked by this chapter

AI changes work most when leaders separate tasks, decisions, judgement points, and accountability. The
decision unlocked here is whether a workflow should be automated, augmented, redesigned, or left alone
until the process is clearer.[1][3][4]

The next chapter turns that workflow understanding into the business case: where AI creates value, what it
costs, and how leaders should judge the return.
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Chapter 4 — The Business Case: Where AI
Creates Value
AI creates excitement because it can do impressive things. Businesses, however, do not run on impressive
demonstrations. They run on value.

A useful AI business case answers four questions:

● 1. What outcome improves?

● 2. How does AI contribute to that improvement?

● 3. What does it cost to achieve and sustain the improvement?

● 4. What risks or trade-offs are introduced?

Without these questions, an AI initiative can look successful in a demo and disappointing in the operating
results.

The AI value stack

AI can create value through several layers. Some are financial and direct. Others are strategic or
operational.

The AI Value Stack
AI value should be assessed across productivity, quality, speed, revenue, risk reductio…

learning value.

Learning value

Risk reduction

Revenue / growth

Speed

Quality

Productivity

Figure 4.1

1. Productivity

Productivity is the most visible layer. AI can help people draft, summarise, search, classify, analyse, and
respond faster.[2][17][18][15][16]
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Examples include:

● a sales person preparing a customer brief in minutes rather than hours;

● a service agent receiving suggested answers instead of searching several systems;

● a manager summarising long meeting transcripts;

● a finance analyst generating a first draft of commentary;

● a developer receiving code suggestions.[15][16]

The caution is that time saved must be converted into something useful. If employees save time but the
business does not increase output, improve service, reduce cost, or redirect effort, the value may remain
theoretical.[15][16][14]

2. Quality and consistency

AI can improve consistency where work depends on repeated interpretation. For example, it may help
classify support tickets, check whether required fields are complete, identify missing contract clauses, or
flag unusual transactions.[1][3][9][11]

The value is not simply speed. It is fewer errors, more consistent handling, and better visibility.

The caution is that AI can also create errors at scale. A wrong recommendation repeated consistently is
still wrong. Quality improvement requires testing, monitoring, and human escalation.[1][3][4]

3. Speed and cycle time

AI can shorten the time between request and response, idea and draft, signal and decision, problem and
intervention.

In many businesses, speed has strategic value. Faster proposals can improve win rates. Faster service
can improve customer satisfaction. Faster forecasting can improve operational decisions. Faster product
testing can improve innovation.

The caution is that speed without control can increase risk. A fast inaccurate answer is not an
improvement.[1][3][4]

4. Customer experience

AI can support personalisation, service availability, better routing, more relevant recommendations, and
quicker responses.

But customer experience is not improved by AI simply being present. Customers rarely care that a process
is AI-enabled. They care whether the experience is easier, faster, clearer, more accurate, and more
trustworthy.

A badly designed chatbot can damage trust. A well-designed agent-assist tool may improve service even if
the customer never sees the AI.[1][3][4]

5. Revenue growth

AI may support revenue by improving lead prioritisation, sales preparation, personalised marketing,
cross-sell recommendations, pricing insight, product innovation, and customer retention.[6][7][8][13][15][16]

Revenue claims require special caution. Many factors influence revenue. If sales rise after an AI tool is
introduced, the business must ask whether the tool caused the improvement, contributed to it, or merely
coincided with it.[13][15][16]



The AI Pivot — reader PDF 18

6. Risk reduction

AI can help detect anomalies, monitor compliance, identify suspicious activity, flag policy violations, and
improve audit coverage.[1][3][4]

Risk reduction is often undervalued because avoided losses are less visible than new revenue. Yet for
regulated, complex, or high-volume businesses, risk detection can be a major source of value.[13][15][16]

The caution is that AI also introduces new risks. The net business case must consider both risk reduced
and risk created.

7. Learning value

Early AI projects teach the organisation how to use data, design workflows, train people, manage vendors,
and govern new tools. This learning can be valuable even when a pilot does not scale.[13][14]

A failed pilot is not necessarily wasted if it reveals poor data quality, unclear process ownership, unrealistic
assumptions, or a better opportunity elsewhere. But it is wasted if the organisation does not capture the
lesson.[21][22][23][1][4][6]

The difference between a use case and a business case

A use case describes where AI might be applied. A business case explains why it is worth doing.

“Use AI to answer customer questions” is a use case.

“Use AI-assisted knowledge retrieval to reduce average handling time by 15%, improve first-contact
resolution, and reduce new-agent training time, while maintaining human review for complex complaints” is
closer to a business case.[1][3][4][19][15][16]

The second version identifies outcome, mechanism, measurement, and control.[1][3][4][13][15][16]

Cost categories leaders often miss

AI costs go beyond licences.

A serious business case should include:

● software or platform costs;

● integration with existing systems;

● data preparation and cleansing;

● security and privacy review;

● governance and compliance work;

● employee training;

● process redesign;

● monitoring and evaluation;

● support and maintenance;

● vendor management;

● change communication;

● opportunity cost.[6][7][8][9][10][11]
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Some AI tools are cheap to try but expensive to embed. A free or low-cost experiment can become costly
when the business needs enterprise security, reliable data flows, auditability, user training, and
integration.[9][10][11][12][1][3]

Measurement discipline

Before launching a pilot, define what success means. Good measures may include:

● time saved per task;

● cycle-time reduction;

● error-rate reduction;

● customer satisfaction;

● first-contact resolution;

● conversion rate;

● forecast accuracy;

● employee adoption;

● risk incidents;

● quality-review scores;

● cost per transaction;

● revenue per lead;

● compliance exceptions.[2][20][15][16][13][14]

Avoid measuring only activity, such as number of prompts used or number of AI-generated documents.
Activity is not value.

The ROI problem

AI ROI can be difficult to calculate because the effects are often indirect. A tool may save time, improve
quality, increase employee capacity, reduce rework, and create better customer interactions. Which of
these becomes financial value depends on how the business changes around the tool.

For example, if AI helps a team complete reports faster, the value could appear as reduced overtime, faster
decisions, higher client capacity, better morale, or no measurable financial improvement at all. The
difference lies in management action.

This is why leaders should not ask only “How much time will this save?” They should ask “What will we do
with the time, speed, or insight we gain?”

Reader action: complete the AI Value Stack

For any candidate AI use case, complete the following:

● 1. Business problem:

● 2. Current cost or pain:

● 3. AI capability used:

● 4. Expected productivity benefit:
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● 5. Expected quality benefit:

● 6. Expected speed benefit:

● 7. Expected customer benefit:

● 8. Expected revenue or cost impact:

● 9. Risks introduced:

● 10. Costs required:

● 11. Success metrics:

● 12. Decision gate:

If the business cannot complete these fields, the use case is not ready for investment.

The decision unlocked by this chapter

The decision is to treat AI value as a management hypothesis that must be tested, not as a promise to be
believed.

AI can create real value, but only when attached to a defined business outcome. The next chapter
examines the other side of the business case: the cost of doing nothing while others learn.
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Chapter 5 — The Cost of Inaction: Competitive
Risk in the AI Era
Doing nothing about AI can feel safe. No new tools. No new risks. No difficult conversations with
employees. No budget request. No embarrassing pilot that fails. No legal questions. No need to explain
uncertain technology to the board.[14][15]

But inaction is not neutral. It is a choice to let competitors, employees, vendors, and customers shape the
AI transition before the business has formed its own position.[14][15]

The cost of inaction is rarely immediate collapse. For most businesses, the more realistic risk is slower
learning.[13][14]

Competitive advantage may come from learning speed

When a new technology emerges, the early advantage does not always go to the company that spends the
most. It often goes to the company that learns fastest.

AI adoption involves many practical lessons:[13][14]

● which tasks are suitable for AI assistance;

● what data is usable;

● where employees need training;

● where customers accept automation and where they reject it;

● which vendors are trustworthy;

● which controls are necessary;

● how to measure value;

● how to redesign workflows;

● how to scale without losing accountability.[1][3][4][14][15]

These lessons take time. A business that waits for perfect certainty may later find that competitors have
spent two years building confidence, process knowledge, data discipline, and governance maturity.[1][3][4]

The quiet compounding effect

AI advantage may not appear as one dramatic breakthrough. It may compound quietly.
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The Cost-of-Inaction Flywheel
The cost of inaction often compounds quietly through slower learning, unmanaged shadow …

customer expectations, and strategic dependency.

Delay

Less
learning

Shadow AIDependency

Harder
catch-up

Compounding gap

Figure 5.1

A competitor’s sales team prepares better for meetings. Their service team resolves routine queries faster.
Their finance team spots anomalies earlier. Their marketing team tests messages more cheaply. Their
operations team forecasts demand with greater accuracy. Their managers spend less time compiling
reports and more time acting on them.[2][20]

None of these changes alone may seem fatal. Together, they can alter cost, speed, quality, and customer
experience.

This is why leaders should not look only for dramatic disruption. They should look for cumulative
improvement.

The shadow AI problem

Inaction at leadership level does not mean AI is absent from the business. Employees may already be
using public tools to draft emails, summarise documents, write code, analyse spreadsheets, or prepare
presentations.[2][17][18][14][15]

Some of this use may be harmless and helpful. Some may be risky. Employees may paste confidential
data into tools without understanding retention policies. They may rely on inaccurate outputs. They may
use AI-generated text in customer communications without review. They may create inconsistent practices
across teams.[6][7][8][9][10][11]

Shadow AI grows when official policy is unclear. If leaders say nothing, employees improvise. The better
response is not to ban everything reflexively or allow everything casually. The better response is to create
clear acceptable-use guidance and safe channels for experimentation.[1][3][4][14][15]

The talent expectation

Employees, especially in knowledge-heavy roles, may increasingly expect modern tools. Some workers
will assume AI assistance is normal because they already use it outside formal business systems.
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Experienced employees may want help reducing administrative burden. High-performing teams may
become frustrated if the organisation blocks tools without offering alternatives.[14][15]

At the same time, employees may fear AI. They may worry about surveillance, job replacement, deskilling,
or unfair evaluation. If leadership is silent, rumours fill the gap.[14][15]

The cost of inaction therefore includes cultural cost: uncertainty, uneven adoption, distrust, and missed
opportunities for workforce development.[13][14][15]

Customer expectations may shift

Customers do not necessarily ask whether a company uses AI. They ask for faster responses, clearer
information, better personalisation, fewer mistakes, and easier service.

If AI helps competitors improve those experiences, customer expectations may rise. What once seemed
acceptable — slow replies, repeated questions, generic offers, poor self-service, delayed updates — may
become a competitive weakness.

However, customers also punish bad automation. A company that replaces human service with an
unhelpful chatbot may lose trust. The lesson is not “automate customer interaction quickly.” The lesson is
“understand where AI can improve customer value and where human service remains essential.”[1][3][4]

Strategic dependency risk

Another cost of inaction is dependency. If the business does not build internal understanding, it becomes
more vulnerable to vendor narratives.[1][3][9][11]

A vendor may frame the problem around its product rather than the business’s needs. A consultant may
sell transformation before readiness is understood. A platform may create lock-in before governance is
mature.[1][3][4][9][11]

Leaders do not need to become technical experts, but they do need enough literacy to evaluate claims.
Without that literacy, the business may either reject useful opportunities or accept weak proposals.

When waiting is rational

Disciplined urgency does not mean rushing every use case. Sometimes waiting is rational.

A business may delay a high-risk AI application because regulation is unclear, data is not ready, the vendor
market is immature, or the organisation lacks the capability to govern it. That is not inaction. That is an
explicit decision.[13][14][1][3][9][11]

The difference between passive waiting and strategic waiting is clarity. Strategic waiting says: “We are not
doing this use case yet because these conditions are not met. Meanwhile, we are building readiness and
exploring lower-risk opportunities.”

Passive waiting says: “We will think about AI later.”

Reader action: the cost-of-inaction assessment

Leaders can assess the risk of delay by asking:

● 1. Which parts of our business are knowledge-heavy, language-heavy, or decision-heavy?

● 2. Where are competitors likely to improve speed, cost, or customer experience through AI?

● 3. Where might employees already be using AI unofficially?
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● 4. Which customer expectations could change?

● 5. Which processes are so inefficient that AI-enabled competitors could expose us?

● 6. Which data foundations are weak and need attention regardless of AI?

● 7. Which high-risk areas should we deliberately avoid for now?

● 8. What must we learn in the next 90 days?[14][15]

These questions turn inaction into a visible management choice.

The decision unlocked by this chapter

The decision is not to “do AI” for its own sake. The decision is to begin learning deliberately.

The business does not need to transform overnight. It does need to create a structured view of opportunity,
risk, readiness, and action. The next part of the book begins that work by mapping where AI can create
value across the organisation.

The next chapter moves from the cost of inaction to the search for opportunity: where, specifically, AI could
improve decisions, workflows, costs, quality, or customer experience.
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Part II — Finding the Opportunity
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Chapter 6 — The AI Opportunity Map
After the first five chapters, the leadership question changes. It is no longer “Should we pay attention to
AI?” The answer is yes. It is also no longer “Can AI do interesting things?” The answer is plainly yes. The
more useful question is: where should this business look first?

Many organisations begin in the wrong place. They start with a tool demonstration, a vendor pitch, or a
high-level ambition such as “we need an AI strategy.” These starting points are understandable, but they
are too vague. They produce either excitement without focus or anxiety without action.[13][14][1][3][9][11]

A better starting point is an opportunity map.

An AI opportunity map identifies where AI could improve a real business outcome by supporting a real
workflow, using available or obtainable data, within acceptable risk, under clear ownership. It turns AI from
an abstract trend into a set of candidate business interventions.[21][22][23]

Start with pain, not possibility

AI can produce endless possibilities. Possibility is not the same as priority.

AI Opportunity Map
Useful AI opportunities usually begin with business pain, repeated judgement work, data…

measurable outcomes, and safe learning loops.

Pain

Data

Judgement

Value

Risk

Learning

AI opportunity

Figure 6.1

A business should begin by asking where work is painful, slow, expensive, inconsistent, repetitive,
information-heavy, decision-heavy, or customer-frustrating. These are the places where AI may have
something useful to contribute.

Common pain points include:

● teams searching through documents and systems to answer recurring questions;

● managers spending hours preparing routine reports;

● salespeople duplicating effort when researching customers;
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● service agents handling large volumes of similar queries;

● finance teams reconciling exceptions manually;

● operations teams reacting late to demand changes;

● HR teams answering the same policy questions repeatedly;

● legal teams reviewing standard documents under time pressure;

● product teams struggling to test ideas quickly.[1][3][4][2][17][18]

Pain does not guarantee that AI is the answer. But it identifies where investigation should begin.

Look for five opportunity signals

A practical AI opportunity map looks for five signals.

1. Repetition

Repetitive work is often a good candidate for AI assistance, especially when the task involves drafting,
classifying, summarising, routing, comparing, or extracting information.

Examples include summarising customer emails, classifying support tickets, drafting standard responses,
extracting information from forms, generating first-pass reports, and checking documents against a
checklist.

The caution is that repetition alone is not enough. Some repeated tasks are high-risk or require subtle
judgement. Others are better solved with simpler automation rather than AI.

2. Information overload

AI is useful when people must make sense of large amounts of information: documents, call transcripts,
customer feedback, policies, contracts, knowledge bases, research reports, product reviews, or operational
logs.

The opportunity is not merely to read faster. It is to help people find patterns, retrieve relevant material, and
focus attention on what matters.

3. Decision bottlenecks

Some workflows slow down because decisions are delayed. The delay may come from missing
information, unclear criteria, too many exceptions, or overloaded experts.

AI can support decision-making by preparing summaries, highlighting anomalies, comparing options,
suggesting next actions, or estimating likely outcomes. But the decision itself may still belong to a person,
especially where consequences are material.

4. Knowledge fragmentation

In many businesses, knowledge exists but is scattered. It sits in shared drives, emails, chat threads, policy
documents, old proposals, intranet pages, spreadsheets, and people’s heads.[1][3][4]

AI-powered retrieval and summarisation can help turn scattered knowledge into more usable answers. The
risk is that the system may retrieve outdated or contradictory material unless the underlying knowledge is
governed.[19]

5. Measurable outcome
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The best early opportunities connect to a measurable outcome. This might be time saved, faster cycle
time, lower error rate, improved customer satisfaction, reduced rework, better forecast accuracy, higher
conversion, or lower compliance risk.[2][20][15][16]

If no one can define the outcome, the project is not ready.

The opportunity inventory

The opportunity inventory is a simple management tool. For each candidate use case, record:

● business function;

● current pain point;

● current workflow;

● proposed AI-assisted workflow;

● AI capability required;

● data or knowledge required;

● expected benefit;

● risk level;

● complexity;

● process owner;

● affected employees;

● affected customers or stakeholders;

● success metric;

● next action.[13][14][15][16]

This inventory should not be created by the technology team alone. It requires input from the people who
understand the work. A workshop with managers from sales, service, finance, operations, HR, legal, IT,
and product can produce a first map quickly.[14][15]

The aim is not to approve every idea. The aim is to reveal the landscape.

Example: customer-support knowledge retrieval

Imagine a customer-service team that handles thousands of monthly queries. Agents search several
systems to find answers. New agents take months to become confident. Customers receive inconsistent
responses depending on who handles the case.[2][17][18]

The opportunity might be an AI-assisted knowledge tool that retrieves approved policy, product, and
troubleshooting information and suggests a response to the agent. The agent reviews and sends the final
answer.[1][3][4]

The business outcome might be reduced handling time, improved first-contact resolution, better
consistency, and faster training. The risks include wrong answers, outdated knowledge, overreliance by
agents, and customer frustration if automation is introduced too aggressively.[2][17][18][15][16][14]

This is a better opportunity statement than “install a chatbot.” It defines the workflow, user, data, controls,
value, and risk.[1][3][4]
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Example: sales preparation

A sales team may spend hours preparing for client meetings by reading notes, previous proposals, account
history, public information, and product material. AI could prepare an account brief, summarise past
interactions, identify open issues, suggest likely needs, and draft meeting questions.[2][17][18]

The salesperson still owns the relationship and judgement. But preparation becomes faster and more
consistent.

The business outcome might be more meetings prepared properly, shorter onboarding for new
salespeople, improved cross-sell awareness, or higher proposal quality. The risks include inaccurate
summaries, privacy issues, generic recommendations, and over-standardised customer
interactions.[6][7][8]

Again, the opportunity is not “AI for sales.” It is a specific workflow improvement.

Example: finance commentary

Finance teams often spend time producing monthly commentary. AI can help generate a first draft from
approved financial data, highlight variances, compare against prior periods, and suggest questions for
investigation.

The finance professional still validates the numbers and interprets business meaning. The value is speed
and consistency in preparing analysis, not replacing financial accountability.[1][3][4]

The risks include inaccurate narrative, weak audit trails, and the temptation to accept plausible
explanations without investigation.

Opportunity is not readiness

Finding an opportunity does not mean the business is ready to act. A use case may be valuable but not
feasible yet.

Common blockers include:

● data is unavailable or unreliable;

● systems are not integrated;

● ownership is unclear;

● legal or privacy risk is high;

● employees are not trained;

● process variation is too great;

● no sponsor is committed;

● success cannot be measured;

● the vendor solution is immature;

● the change effort is underestimated.[6][7][8][2][20][21]

A good opportunity map therefore separates attractiveness from readiness.

The first use case should teach the organisation
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The first AI project should not necessarily be the largest opportunity. It should be large enough to matter,
small enough to manage, safe enough to govern, and clear enough to measure.

Early projects should teach the business how to select tools, prepare data, involve employees, manage
risk, measure outcomes, and make scale decisions. A spectacular but risky first project can damage
confidence. A trivial project can fail to teach anything important.[14][15]

Look for the middle ground: a visible business pain with a controlled scope.

Reader action: run the AI opportunity workshop

A practical workshop can run in four stages.

First, map pain points by function. Ask each team where work is slow, repetitive, information-heavy, or
frustrating.

Second, identify AI capability fit. Is the need primarily drafting, summarisation, classification, prediction,
retrieval, anomaly detection, recommendation, or workflow execution?[19][13][14]

Third, assess value and risk. What would improve, how would it be measured, and what could go wrong?

Fourth, rank candidates. Use a simple matrix: high value and low-to-medium complexity should receive
early attention. High-value, high-risk items may enter a readiness or governance track. Low-value ideas
should be parked.

The decision unlocked by this chapter

The decision is to build an AI opportunity inventory before buying tools or launching pilots.

This inventory becomes the bridge between strategy and action. It shows where AI could matter, where the
organisation must prepare, and where leadership attention should focus.

The next chapter applies this thinking to the first major commercial arena: sales and marketing, where AI
can help businesses find, win, and keep customers — but where bad use can quickly damage trust and
brand value.
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Chapter 7 — Sales and Marketing: Finding,
Winning, and Keeping Customers
Sales and marketing are often among the first functions to experiment with AI. The reason is obvious:
commercial work contains a great deal of language, research, segmentation, persuasion, timing, and
follow-up. These are areas where AI can help people move faster and operate with more consistency.

But commercial AI is also easy to misuse. Poorly governed AI can produce generic campaigns, inaccurate
customer claims, privacy problems, brand damage, or a flood of low-quality messages that irritate the very
people the business is trying to win.[6][7][8]

The opportunity is not to make sales and marketing more mechanical. It is to make them more informed,
responsive, focused, and disciplined.

AI across the customer journey

A useful way to think about commercial AI is to map it across the customer journey:

Customer Growth AI Matrix
AI can assist market understanding, targeting, content, sales preparation, proposals, c…

optimisation, and retention.

Understand Target Create Sell Serve Retain

Figure 7.1

● market understanding;

● prospect identification;

● segmentation;

● content creation;

● campaign testing;

● sales preparation;
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● proposal support;

● customer communication;

● retention and expansion;

● learning from customer interactions.[6][7][8][13][14]

At each stage, AI can support people by processing information, generating drafts, identifying patterns, or
recommending next actions.

Market and customer understanding

Marketing begins with understanding. AI can help teams analyse customer feedback, review social or
survey data, summarise market research, identify themes in sales notes, and compare competitor
messaging.[2][17][18][13][14]

A business might use AI to summarise hundreds of customer comments into recurring themes: pricing
confusion, onboarding difficulty, feature requests, service frustrations, or reasons for churn. It might use AI
to scan sales call transcripts and identify which objections appear most often. It might compare website
copy with competitor positioning to identify gaps.[2][17][18]

The value is not that AI “knows the market.” It does not. The value is that it can help humans process more
signals and ask better questions.[13][14]

Commercial teams should be careful not to confuse pattern summaries with truth. AI may overstate a
theme, miss context, or reflect bias in the source material. Customer insight still requires judgement,
validation, and often direct conversation.[19]

Segmentation and targeting

AI can help identify patterns in customer behaviour, purchase history, product usage, engagement, and
support interactions. This may support segmentation, lead scoring, churn prediction, and next-best-action
recommendations.

For example, a software company may identify customers whose usage patterns suggest they are at risk of
cancelling. A retailer may identify customers likely to respond to a particular offer. A B2B firm may prioritise
accounts showing signals of expansion potential.

The business benefit can be significant: better allocation of sales effort, more relevant marketing, and
earlier intervention. But the risks are equally important. If the data is weak, segmentation will be weak. If
personal data is used carelessly, privacy and trust are at risk. If AI-driven targeting feels intrusive,
customers may react negatively.[6][7][8][1][3][4]

Good targeting should feel helpful, not creepy.

Content creation and brand discipline

Generative AI can draft emails, advertisements, landing-page copy, social posts, product descriptions,
webinar outlines, sales scripts, and campaign variations. This can accelerate creative work and make
testing cheaper.[2][17][18]

The danger is volume without quality. AI makes it easy to produce more content than the business can
review, govern, or justify. If every competitor uses similar tools with similar prompts, customers may
receive a wave of bland, repetitive messaging.[2][17][18]
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The commercial advantage will not come from generating more words. It will come from better briefs,
sharper positioning, clearer customer insight, stronger brand standards, and faster testing.

AI-generated content should be treated as a draft. Brand, legal, product, and customer accuracy checks
still matter. The more public or high-stakes the communication, the more disciplined the review should
be.[2][20]

Sales preparation

Sales teams often lose time preparing for meetings. They must review CRM notes, past proposals,
customer news, account history, product updates, support issues, and stakeholder information. AI can help
prepare account briefs, summarise previous interactions, identify unresolved issues, and suggest meeting
questions.[2][17][18]

A good AI-assisted account brief might include:

● customer background;

● recent interactions;

● open support or delivery issues;

● products purchased;

● renewal dates;

● likely needs;

● relevant case studies;

● risks to the relationship;

● suggested discovery questions.

This improves consistency. It can help new salespeople ramp faster and ensure experienced salespeople
do not miss important context.

But AI must not replace relationship judgement. A salesperson who relies on a generated brief without
checking accuracy can damage credibility. The tool should prepare the salesperson, not speak for
them.[2][20]

Proposals and tenders

Proposal work is a natural AI use case because it involves repeated structures, standard company
information, customer-specific tailoring, and deadline pressure.

AI can help retrieve relevant past proposals, draft first-pass responses, summarise requirements, check
whether mandatory questions are answered, and align language with customer priorities.[2][17][18]

The value may include faster response cycles, better reuse of knowledge, improved consistency, and
reduced burden on subject-matter experts.

The risks include outdated claims, inaccurate capability statements, legal exposure, and generic responses
that fail to address the customer’s specific needs. Proposal AI should be connected to approved source
material and reviewed by accountable humans.[19][13][14]

Campaign testing and optimisation



The AI Pivot — reader PDF 34

AI can help generate campaign variations and analyse performance. It may suggest alternative subject
lines, calls to action, audience segments, or message structures. It can also help interpret test results and
identify patterns.

This can lower the cost of experimentation. Smaller teams may be able to test more ideas without
expanding headcount.

However, optimisation can become narrow. A system may chase short-term clicks while damaging
long-term brand trust. It may favour messages that attract attention but do not produce profitable or loyal
customers. Leaders should define the outcome carefully: conversion, retention, revenue quality, customer
satisfaction, or brand strength may matter more than simple engagement.[6][7][8][1][3][4]

Retention and expansion

AI can support account management by identifying renewal risks, expansion opportunities, usage changes,
support patterns, and sentiment signals. For subscription or relationship-based businesses, early warning
matters.

A customer who stops using a product, opens repeated support tickets, or gives negative feedback may
need attention before renewal is at risk. AI can help surface these signals earlier.

The best retention use cases combine AI detection with human relationship management. The system
identifies the signal; the account team decides how to respond.[6][7][8]

The customer growth use-case matrix

Commercial leaders can evaluate AI opportunities using four categories.

Find

Use AI to identify markets, prospects, segments, signals, and opportunities.

Questions:

● Can AI help us understand where demand is emerging?

● Can it identify prospects or accounts worth attention?

● Can it surface customer needs hidden in feedback or behaviour?

Win

Use AI to improve sales preparation, messaging, proposals, and conversion.

Questions:

● Can AI help sales teams prepare faster?

● Can it improve proposal quality?

● Can it support better personalisation without weakening brand standards?

Serve

Use AI to support onboarding, education, account communication, and issue resolution.

Questions:

● Can AI help customers get value faster?
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● Can it reduce friction in routine interactions?

● Can it support customer-facing teams with better knowledge?

Keep

Use AI to detect churn risk, identify expansion opportunities, and improve loyalty.

Questions:

● Can AI identify early warning signs?

● Can it help account managers prioritise attention?

● Can it improve renewal and expansion planning?

Commercial risks

Sales and marketing AI requires specific guardrails.

First, protect customer data. Personal, confidential, or commercially sensitive information should not be
placed into tools without approved controls.[9][10][11][12][1][3]

Second, protect the brand. AI-generated communication should match the organisation’s standards and
values.

Third, protect accuracy. Product claims, pricing, legal terms, and case-study statements must be
checked.[2][20]

Fourth, protect customer trust. Personalisation should not become intrusive manipulation.

Fifth, protect the customer relationship. AI should not encourage lazy outreach at scale.

Reader action: map one customer journey opportunity

Choose one stage of the customer journey: finding, winning, serving, or keeping customers. Identify one
delay, error, friction point, or missed decision where AI could provide support. Then write down the
business outcome, the data required, the human owner, the brand or privacy risk, and the metric that would
show whether the use case improved the customer relationship.

The decision unlocked by this chapter

The decision is to treat AI in sales and marketing as a customer-value discipline, not a content-volume
machine.

Used well, AI can help commercial teams understand customers, prepare better, respond faster, and learn
from every interaction. Used badly, it can create more noise, more generic messaging, and more risk.

The next chapter moves from winning customers to serving them. Customer service is one of the richest AI
opportunity areas — and one of the easiest places to damage trust if automation is handled poorly.
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Chapter 8 — Customer Service: From Call Centres
to Intelligent Support
Customer service is one of the most visible places to apply AI because service work is full of repeated
questions, knowledge searches, triage decisions, written replies, call summaries, and follow-up actions. It
is also one of the most sensitive places to get AI wrong.[15][16]

When service AI works well, customers receive faster answers, agents get better support, managers see
clearer patterns, and the business learns from every interaction. When it works badly, customers feel
trapped by automation, agents lose trust in the system, and the company damages the relationship it was
trying to improve.[1][3][4][2][17][18]

The lesson is simple: customer-service AI should be designed around trust, not just
efficiency.[1][3][4][15][16]

The service problem AI can help solve

Many service teams face the same pressures:

Service Automation Risk Ladder
The more directly AI affects customer outcomes, complaints, vulnerability, or regulated…

the more human oversight it needs.

Information only

Draft response

Recommended action

Automated action

High-impact decision

More impact requires more control and human
oversight.

Figure 8.1

● high volumes of routine enquiries;

● long wait times;

● inconsistent answers;

● agents searching multiple systems;

● slow onboarding for new staff;

● rising customer expectations;
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● poor visibility into recurring problems;

● pressure to reduce cost without reducing quality.[2][17][18]

AI can help because much of this work involves language, classification, retrieval, summarisation, and
routing. But the goal should not be to remove humans wherever possible. The goal should be to design the
right level of automation for the right type of interaction.[19]

Four service AI patterns

1. Triage and routing

AI can classify incoming requests and route them to the right team, priority, or workflow. It may identify
whether a message is a billing issue, technical problem, cancellation request, complaint, sales enquiry, or
urgent risk.

Good routing reduces delays and prevents customers from repeating themselves. It also helps managers
understand demand patterns.

The risk is misclassification. A complaint routed as a routine query may escalate. An urgent issue may be
delayed. Therefore, triage systems need monitoring, exception handling, and clear escalation rules.[1][3][4]

2. Agent assistance

Agent assistance is often a strong early use case because it keeps a person in control. AI can suggest
answers, retrieve policy information, summarise customer history, draft follow-up emails, and remind
agents of required steps.[1][3][4][2][17][18]

The agent reviews the output before using it. This can improve speed and consistency while preserving
human judgement.

For many businesses, agent assistance is safer than launching a customer-facing chatbot immediately. It
builds internal learning and trust before exposing automation directly to customers.[1][3][4][13][14]

3. Knowledge retrieval

Service quality depends on access to accurate knowledge. If agents must search old documents, ask
colleagues, or rely on memory, answers become inconsistent.[2][17][18]

AI-powered retrieval can help agents ask questions in natural language and receive answers grounded in
approved knowledge sources.[19] For example: “What is the warranty process for this product in
Germany?” or “What should we do if a customer reports this error code?”

This works only if the knowledge base is reliable. AI will not fix chaotic documentation by itself. If policies
contradict each other, product information is outdated, or ownership is unclear, AI may make the confusion
faster.[19][21][22][23]

4. Customer self-service

Customer-facing chatbots and virtual assistants can answer routine questions, guide users through simple
processes, collect information, and provide 24-hour support.

Self-service can be valuable when customers want speed and the task is simple. It is frustrating when the
task is complex, emotional, urgent, or poorly understood by the system.

A good self-service design gives customers a path to a human when needed. It does not hide escalation. It
does not pretend to understand when it does not. It does not trap the customer in loops.
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The service automation risk ladder

A practical way to manage service AI is to think in levels of risk.

Level 1: Internal drafting and summaries

AI supports employees by summarising calls, drafting notes, or preparing suggested responses. The
customer does not see the AI output unless a human approves it. This is often a good starting
point.[14][15]

Level 2: Agent-facing recommendations

AI suggests next actions, relevant knowledge articles, or response options. The agent remains responsible
for the interaction. This requires training and quality review.[14][15]

Level 3: Assisted customer self-service

AI answers simple customer questions or collects information, with clear escalation to a human. This
requires careful testing and monitoring.[1][3][4]

Level 4: Automated resolution

AI resolves certain customer issues end to end. This should be limited to low-risk, well-understood tasks
with clear audit trails and fallback options.

Level 5: AI-managed high-impact decisions

AI makes or heavily influences decisions that materially affect customers, such as eligibility, compensation,
cancellation, or dispute outcomes. This level requires strong governance and may be inappropriate or
legally sensitive in many contexts.[1][3][4]

The higher the level, the stronger the controls must be.[1][3][4]

What customers actually value

Customers usually do not care whether a company uses AI. They care whether the service works.

They value:

● fast answers;

● accurate information;

● continuity across channels;

● not repeating themselves;

● fair treatment;

● empathy when the issue matters;

● a path to a capable human;

● confidence that their data is handled properly.

An AI system that improves these things will be welcomed. One that worsens them will be resented, even if
it saves the business money on paper.

The agent experience matters



The AI Pivot — reader PDF 39

Service AI often fails when employees see it as surveillance or replacement rather than support. Agents
may distrust suggestions, ignore the tool, over-rely on it, or feel that management is using AI to squeeze
more work from them.[2][17][18][14][15]

Leaders should involve agents in design and testing. Agents know where knowledge is missing, where
customers become frustrated, which policies are unclear, and what makes an answer usable.[2][17][18]

Good implementation asks:

● Does the tool reduce friction for agents?

● Does it make answers easier to find?

● Does it preserve agent judgement?

● Does it improve training?

● Does it capture feedback from agents?

● Are quality expectations clear?[2][17][18][14][15]

If agents trust the system, customers are more likely to benefit.

Learning from service data

Customer-service interactions are a rich source of business intelligence. They reveal product defects,
confusing instructions, pricing concerns, delivery problems, website issues, unmet needs, and emerging
risks.

AI can help analyse large volumes of tickets, chats, calls, and feedback to identify recurring themes. This
can inform product improvement, marketing clarity, operational fixes, and policy changes.

The service function should therefore not be seen merely as a cost centre. With AI-assisted analysis, it can
become an early-warning system for the whole business.

Common mistakes

The first mistake is automating too much too soon. A company launches a chatbot for complex customer
problems and discovers that customers become angrier faster.

The second mistake is failing to fix knowledge. AI retrieves the wrong answers because the approved
source material is outdated.

The third mistake is hiding the human. Customers feel trapped when escalation is difficult.

The fourth mistake is measuring only cost. If the business reduces handling cost but increases churn,
complaints, or reputational damage, the saving may be false.

The fifth mistake is ignoring edge cases. Routine cases may work well, but unusual, emotional, or
high-value cases require careful handling.

Service success metrics

Useful metrics include:

● average handling time;

● first-contact resolution;

● customer satisfaction;
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● complaint escalation;

● repeat contact rate;

● quality-review scores;

● agent onboarding time;

● agent satisfaction;

● self-service containment rate, interpreted carefully;

● error or correction rate;

● customer churn after service interactions.

No single metric is enough. A chatbot that contains many interactions may look efficient until leaders
discover that customers gave up rather than received help.

Reader action: place one service use case on the risk ladder

Select one service process, such as answering policy questions, routing cases, summarising calls, or
suggesting replies. Place it on the service automation risk ladder. Decide what level of human review is
required, what information the AI can use, when escalation is mandatory, and which customer outcome
should improve.

The decision unlocked by this chapter

The decision is to begin service AI with controlled support, trustworthy knowledge, and clear escalation.

AI can make service faster and more intelligent, but service is also where customers experience the
company’s values. Efficiency matters. Trust matters more.

The next chapter turns to operations and supply chain, where AI’s value often lies less in conversation and
more in prediction, optimisation, resilience, and quality.
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Chapter 9 — Operations and Supply Chain:
Prediction, Optimisation, and Resilience
Operations is where business promises become reality. Sales can win the customer, marketing can shape
the message, finance can approve the plan, and leadership can set the strategy. But operations must
deliver: the product must arrive, the service must work, the stock must be available, the process must hold,
the quality must be acceptable, and the cost must make sense.

For that reason, operations and supply chain are among the most important areas for AI. They are also
among the least forgiving.

A weak marketing draft can be corrected before publication. A poor internal summary can be improved. But
a bad operational recommendation can cause stockouts, wasted inventory, missed deliveries, safety
issues, contractual penalties, or damaged customer relationships. Operations AI must therefore be
practical, measurable, and governed closely.[1][4]

The promise is not that AI will make operations effortless. The promise is that AI can help businesses see
earlier, decide better, respond faster, and learn from complex patterns that humans and traditional systems
may miss.

Why operations is different

Operational work is often more physical, interconnected, and time-sensitive than office work. A decision in
one area affects another.

A demand forecast affects purchasing. Purchasing affects inventory. Inventory affects cash. Cash affects
finance. Inventory availability affects customer satisfaction. Delivery performance affects brand trust.
Staffing affects service levels. Maintenance affects production capacity. Quality affects returns and
complaints.[1][3][4]

This interdependence matters. AI systems may optimise one metric while harming another. A model that
reduces inventory might increase stockouts. A scheduling system that improves labour utilisation might
exhaust employees. A purchasing recommendation that lowers cost might weaken supplier
resilience.[14][15][1][3][9][11]

Operational AI therefore needs system thinking. The right question is not simply “Can AI improve this
number?” It is “What happens across the wider system if this recommendation is followed?”

The five operational opportunity areas

Most operational AI opportunities fall into five broad categories.
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Operational Bottleneck Map
Operations AI should target bottlenecks in forecasting, scheduling, maintenance, quality,

logistics, procurement, and resilience.

Forecast

Scheduling

Maintenance

Quality

Logistics

Procurement

Flow
constraint

Figure 9.1

1. Forecasting

Forecasting is the attempt to anticipate future demand, volume, cost, risk, or capacity. Businesses already
forecast, but many forecasts are limited by fragmented data, manual judgement, optimistic assumptions, or
slow update cycles.

AI can help by finding patterns across historic sales, seasonality, promotions, customer behaviour,
weather, economic signals, product availability, regional variation, and other relevant data. In some
businesses, better forecasting can improve purchasing, staffing, production planning, warehouse
allocation, and cash management.

The important word is better, not perfect. Forecasts remain forecasts. Leaders should expect uncertainty
and build decisions around probability, confidence levels, and scenario planning.

2. Scheduling and allocation

Many businesses must decide how to allocate people, machines, vehicles, stock, delivery slots, production
runs, rooms, equipment, or capital.

AI can support scheduling by analysing constraints and recommending more efficient allocations. For
example, a logistics company may optimise delivery routes. A manufacturer may schedule production
lines. A healthcare provider may plan appointments. A retailer may allocate staff across stores and shifts.

The value may include reduced idle time, improved service levels, lower fuel use, better equipment
utilisation, and fewer bottlenecks.

The caution is that schedules affect people and customers. A mathematically efficient plan may be
operationally unrealistic or unfair. Human review matters, especially when recommendations affect working
patterns, safety, or customer commitments.[1][3][4]

3. Predictive maintenance
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Equipment failure can be expensive. It can stop production, delay service, create safety risks, and require
emergency repairs.

Predictive maintenance uses data from sensors, logs, inspections, usage patterns, and historic failures to
identify when equipment may need attention before it breaks. The idea is to move from reactive
maintenance to earlier intervention.

This is one of the more established forms of operational AI, but it still depends on good data and careful
integration into maintenance workflows. A warning is useful only if someone trusts it, understands it, and
can act on it.

4. Quality control

AI can help detect defects, anomalies, process deviations, or quality risks. In some environments,
computer vision can inspect products. In others, machine-learning models can detect unusual patterns in
production data, customer returns, warranty claims, or service outcomes.[13][14]

The business case may include reduced rework, fewer returns, improved compliance, better customer
satisfaction, and earlier detection of process problems.

The risk is false confidence. A system may miss defects it has not been trained to recognise, or it may
perform poorly when conditions change. Quality AI should complement, not casually replace, a mature
quality system.

5. Resilience and risk sensing

Supply chains are exposed to disruption: supplier failure, transport delays, regulation, weather, geopolitical
events, cyber incidents, labour shortages, and sudden demand swings.[9][10][11][12][1][3]

AI can help monitor signals, identify dependencies, compare supplier risk, and support scenario planning. It
may help leaders ask: What if this supplier fails? What if demand doubles? What if a shipping route is
delayed? What if a regulatory change affects our inputs?[1][3][9][11]

Resilience is not the same as efficiency. The lowest-cost chain may be fragile. The most optimised system
may have little slack. AI should help leaders understand trade-offs rather than hide them.[15][16]

The operational bottleneck map

A practical starting tool is the operational bottleneck map.

For each major operational process, ask:

● Where does work queue or wait?

● Where do errors or rework occur?

● Where are decisions delayed?

● Where do people rely on spreadsheets outside core systems?

● Where is demand hard to predict?

● Where are exceptions frequent?

● Where is performance highly variable?

● Where is knowledge concentrated in a few experienced people?

● Where do customers feel the operational failure?

● Where would a small improvement create measurable value?



The AI Pivot — reader PDF 44

The map should identify both the visible bottleneck and the upstream cause. A warehouse delay may be
caused by poor demand forecasting. A service delay may be caused by unclear product documentation. A
production issue may be caused by supplier variability. A delivery failure may be caused by poor order
capture.[1]

AI should not be applied only where the symptom appears. It should be applied where better information or
better decisions would improve the system.

Example: demand forecasting

A business that frequently runs out of stock may assume the answer is to hold more inventory. That may
work, but it increases working capital and storage costs. A better answer may be to improve the forecast.

AI could help compare historic demand with promotions, seasonality, regional behaviour, price changes,
customer segments, and external signals. The output might not be a single number but a range of likely
demand under different conditions.

The decision then becomes more disciplined. Leaders can decide how much risk to accept, which items
require safety stock, and where supply flexibility matters most.

The system should also learn from forecast errors. When the forecast is wrong, the business should ask
why: missing data, unusual event, poor assumptions, delayed system updates, or a change in customer
behaviour?

Example: route optimisation

A delivery business may use AI to recommend efficient routes based on distance, traffic, delivery windows,
vehicle capacity, driver availability, and customer priority.

The value may include lower fuel cost, better on-time delivery, reduced overtime, and improved customer
communication.

But routes are not just geometry. Real-world delivery involves parking, local knowledge, driver safety,
customer preferences, failed deliveries, weather, and unexpected events. The best systems allow human
adjustment and capture feedback from drivers.

A driver who knows that a recommended route is impractical should not be treated as resisting technology.
That feedback may be essential operational intelligence.

Example: procurement risk

Procurement teams often balance cost, reliability, quality, and risk. AI can help analyse supplier
performance, contract terms, lead times, defect rates, payment data, and external signals.[1][3][9][11]

The goal might be to identify suppliers that look cheap but create hidden operational costs. Another goal
might be to detect dependency risk where too much volume relies on one supplier, geography, or transport
route.[1][3][9][11]

The value is not only better buying. It is better resilience.

Data reality in operations

Operational AI depends heavily on data, and operational data is often messier than leaders expect.

Common problems include:

● inconsistent item codes;



The AI Pivot — reader PDF 45

● incomplete supplier records;

● manual spreadsheet overrides;

● delayed system updates;

● disconnected warehouse, finance, sales, and planning systems;

● unclear ownership of master data;

● poor capture of exceptions;

● historic data that reflects old processes;

● sensor data without maintenance context;

● performance measures that encourage local optimisation.[21][22][23][1][4][6]

Before launching an ambitious operational AI programme, leaders should understand the quality and
structure of their operational data. This does not mean waiting for perfect data. It means knowing where the
data is strong enough for action and where it needs improvement.

Governance for operational AI

Operational AI requires clear controls.[1][3][4]

First, define the decision rights. Is the system recommending, approving, scheduling, ordering, or
executing? Who can override it? Who is accountable if the recommendation is wrong?

Second, define the risk level. A low-risk recommendation, such as suggesting reorder analysis for review,
is different from automatically placing large supplier orders.[1][3][9][11]

Third, monitor performance. Models can drift as demand patterns, supplier behaviour, products, or external
conditions change.[1][3][9][11]

Fourth, maintain audit trails. Operational decisions often have financial, contractual, regulatory, or safety
implications.

Fifth, include frontline feedback. People closest to the work often see failure modes before dashboards do.

Avoiding unsafe automation

Unsafe automation happens when a business gives too much authority to a system before the process,
data, controls, and people are ready.[1][3][4]

Warning signs include:

● no clear human owner;

● no explanation of recommendation logic;

● no fallback process;

● no monitoring of errors;

● no review of edge cases;

● no understanding of how the model behaves under unusual conditions;

● no process for employees to challenge or correct the output;

● no link between AI performance and business outcomes.[1][3][4][14][15]
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The answer is not to avoid operational AI. The answer is to implement it in stages.

A sensible pathway might begin with analysis and alerts, move to recommendations, then supervised
action, and only later consider carefully bounded automation.

Measuring operational value

Operational AI should be measured in operational terms. Useful measures may include:

● forecast accuracy;

● stock availability;

● working capital;

● on-time delivery;

● order cycle time;

● production downtime;

● defect rate;

● rework cost;

● maintenance cost;

● supplier lead-time variability;

● customer complaints related to delivery or quality;

● employee time spent on manual planning;

● resilience measures, such as supplier concentration or recovery time.[2][20][14][15][1][3]

The best metric depends on the use case. A forecasting system should not be judged only by technical
accuracy if it does not improve inventory or service decisions. A route optimisation system should not be
judged only by kilometres saved if it increases failed deliveries.[2][20][13][15][16]

The leadership question

Operations leaders do not need to become data scientists. But they do need to ask sharper questions:

● What operational decision are we trying to improve?

● What data informs that decision today?

● Where does the current process fail?

● What would a better decision change?

● What could go wrong if the recommendation is wrong?

● Who remains accountable?

● How will frontline experience be included?

● What metric proves improvement?[13][15][16]

These questions keep the project grounded.

Reader action: complete an operational bottleneck map
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Pick one operational bottleneck: forecasting, scheduling, quality, maintenance, logistics, or supplier risk.
Map the decision, the data used today, the delay or error created by the current process, the operational
risk of a wrong recommendation, and the human owner who would remain accountable. Use this to decide
whether the next step is a pilot, a data-quality fix, or process redesign.

The decision unlocked by this chapter

The decision is to apply AI to operational bottlenecks where better prediction, allocation, quality control, or
risk sensing can improve measurable outcomes — while preserving human accountability and system
resilience.

Operational AI can be powerful because operations are where small improvements compound. A better
forecast, a faster repair, a more reliable supplier decision, or a clearer risk signal can affect cost, service,
cash, and customer trust.

But operational AI should never be treated as a magic optimisation layer. It must fit the real system, respect
constraints, and remain visible to the people responsible for delivery.

The next chapter moves into finance and decision-making, where AI can improve forecasting, reporting,
anomaly detection, and scenario analysis — but where controls, auditability, and accountability are
essential.
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Chapter 10 — Finance and Decision-Making:
Better Forecasting, Faster Insight
Every business eventually arrives at the finance table.

A sales leader wants to invest in a new campaign. Operations wants more stock to protect service levels.
HR wants budget for training. A product team wants to test a new offer. The chief executive wants to know
whether the year-end forecast is still credible. The board wants to understand risk, cash, margin, and the
choices ahead.[14][15]

Finance sits at the point where ambition meets evidence.

That is why AI matters to finance and decision-making. Not because it removes the need for financial
judgement. It does not. Not because it can make uncertainty disappear. It cannot. AI matters because
many finance teams are carrying a heavy load of manual reporting, spreadsheet reconciliation, late-cycle
analysis, and repeated requests for insight. At the same time, leaders want faster answers, clearer
scenarios, and earlier warning signals.

Used well, AI can help finance teams move from being mainly recorders of what happened to stronger
partners in what might happen next. Used badly, it can amplify weak controls, hide errors behind confident
summaries, and create decisions that no one can explain.[1][3][4]

The opportunity is real. The discipline required is equally real.

The finance problem AI can help with

Finance work is often described through accounting, reporting, budgeting, and control. Those remain
essential. But the practical pressure on finance leaders is broader.[1][3][4]

Finance Insight Control Loop
Finance AI should move from data to analysis to review to decision, with controls around

assumptions, access, reconciliation, and sign-off.

Sense

Choose

ActMeasure

Learn

Control loop

Figure 10.1
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They are asked to answer questions such as:

● Are we on track against forecast?

● Which costs are moving faster than expected?

● Where are margins weakening?

● Which customers, products, projects, or channels are becoming less profitable?

● What happens to cash if demand slows, suppliers increase prices, or customers pay later?

● Which transactions look unusual?

● Which business unit is using optimistic assumptions?

● What decision should leadership make now, rather than after the month-end pack is finished?

Many finance teams answer these questions with a mixture of enterprise systems, business intelligence
tools, spreadsheets, email requests, manual commentary, and experienced judgement. The problem is not
that finance lacks skill. The problem is that the information chain is often slow, fragmented, and dependent
on heroic effort.

AI can help where finance work involves pattern recognition, exception detection, scenario modelling,
document review, commentary drafting, and decision support. But the goal should not be to replace
financial control with automated confidence. The goal should be faster insight with stronger
discipline.[1][3][4]

Five finance and decision-making opportunity areas

Most finance-related AI opportunities fall into five practical areas.

1. Forecasting and planning support

Forecasting is never only a mathematical exercise. It combines historic performance, current pipeline,
operational capacity, market conditions, customer behaviour, management assumptions, and
judgement.[13][14]

AI can help finance teams compare patterns across these data sources. It may support rolling forecasts,
demand-sensitive revenue projections, cost trend analysis, cash-flow estimates, and early identification of
variance. Instead of waiting for a fixed planning cycle, leaders may get more regular signals about whether
the business is drifting away from plan.[13][15][16]

The responsible phrase is support, not decide. Forecasts should remain open to challenge. A model can
identify a trend; it cannot know that a major customer relationship is fragile unless that information is
captured and governed. A system can project cost increases; it cannot decide the right strategic trade-off
between margin, service, and growth.

Good AI-assisted forecasting should make assumptions more visible, not less visible.

2. Anomaly detection and control monitoring

Finance teams already look for unusual transactions, suspicious patterns, duplicate payments, policy
breaches, and data errors. The difficulty is volume. The more transactions, suppliers, employees, entities,
and systems a business has, the harder it becomes to inspect everything manually.[1][3][4][14][15]

AI can help identify transactions or patterns that deserve review. Examples include unusual invoice
amounts, unexpected supplier behaviour, duplicate claims, abnormal payment timing, inconsistent coding,
revenue-recognition anomalies, or expense claims outside normal patterns.[15][16][1][3][9][11]
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This does not mean the system has found fraud or error. It means the system has found something worth
checking. That distinction matters. Labelling an anomaly as wrongdoing without review can damage trust
and create legal or employment risk. A finance control system should produce leads for investigation, not
instant accusations.[1][3][4][14][15]

The value comes from earlier detection, better sampling, and more focused review.

3. Reporting and commentary

Many finance teams spend significant time preparing reports, variance commentary, board packs,
management updates, and explanations for non-finance colleagues. Some of this work is judgement-rich.
Some of it is repetitive assembly.

Generative AI can help draft plain-English commentary from structured data, summarise performance
movements, compare current results with prior periods, and prepare first-pass explanations for review. It
can also help translate financial information for different audiences: board, management team, department
head, project owner, or frontline manager.[2][17][18][1][4][6]

This is useful only if the numbers, definitions, and context are reliable. A beautifully written explanation of
wrong data is still wrong. Finance should therefore treat AI-generated commentary as a draft layer, not an
approved finance statement.

The human reviewer must ask: Does this explanation match the numbers? Does it overstate certainty?
Does it ignore one-off factors? Does it use the right definitions? Does it make a recommendation beyond
the evidence?

4. Scenario analysis and decision support

Leadership decisions rarely involve one variable. A pricing decision may affect demand, margin, customer
retention, competitor response, and working capital. A hiring freeze may protect short-term cost but slow
delivery. A stock reduction may improve cash but increase service failures. A new product investment may
reduce near-term profit while creating future options.[6][7][8][13][14]

AI can help finance teams build and compare scenarios faster. It can support sensitivity analysis, identify
key drivers, summarise trade-offs, and help leaders explore “what if” questions.[2][17][18]

For example:

● What if sales volume is 10 percent lower than plan?

● What if supplier prices rise faster than expected?

● What if customers take longer to pay?

● What if a new service line grows but at lower gross margin?

● What if the business cuts discretionary spend but harms lead generation?[2][17][18][1][3][9]

These scenarios should not be treated as predictions. They are structured conversations about uncertainty.
Their value is not in pretending to know the future. Their value is in helping leaders see which assumptions
matter most and which actions are robust under more than one future.

5. Finance knowledge retrieval

Finance teams hold a large amount of institutional knowledge: policies, approval rules, budget guidance,
chart-of-account definitions, tax processes, procurement rules, contract terms, audit findings, and prior
decision papers.[1][3][4][9][11]



The AI Pivot — reader PDF 51

AI can help employees retrieve this knowledge more easily. A well-governed internal assistant might
answer questions such as:[14][15]

● Which cost centre should this expense be charged to?

● What is the approval threshold for this purchase?

● What documents are required for supplier onboarding?

● How does the travel policy apply to this situation?

● Where is the latest budget template?[1][3][4][9][11]

This can reduce repeated queries and improve consistency. But the system must retrieve from approved,
current material. If it answers from outdated policy documents or informal examples, it can create
confusion at scale. Retrieval-augmented generation, where the model uses approved internal documents
as context, may help, but it does not remove the need for document ownership and
review.[1][3][4][19][2][17]

The finance control checklist

Finance AI needs a higher control standard than many exploratory use cases because the outputs may
affect cash, reporting, compliance, investor confidence, employee trust, and management
decisions.[1][3][4][14][15]

Before approving a finance AI use case, leaders should work through a finance control checklist.

1. Decision purpose

What decision or process will the system support? Forecasting, reporting, anomaly review, policy
guidance, scenario analysis, or something else?

2. Authority level

Is the system producing analysis, drafting commentary, recommending action, approving action, or
executing action? Finance should be cautious about moving from analysis to execution without strong
controls.

3. Data sources

Which systems and documents are used? Are they official sources of truth? Are definitions consistent
across business units? Is the data current enough for the decision?

4. Reconciliation

Can AI outputs be reconciled back to source numbers, ledgers, reports, or approved assumptions? If a
number cannot be traced, it should not be used for formal decision-making.

5. Human review

Who reviews the output? What are they checking? Is review meaningful, or is it a rubber stamp?

6. Audit trail

Can the business see which data, assumptions, prompts, model versions, and human approvals informed
a recommendation or report?

7. Access control

Who can use the system? What financial, payroll, supplier, customer, or commercially sensitive data can it
access?
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8. Error handling

What happens when the system produces a questionable answer, flags too many false positives, misses
an issue, or uses outdated information?

9. Segregation of duties

Does the AI workflow preserve appropriate separation between request, approval, payment, reporting, and
review?

10. Reporting status

Is the output clearly labelled as draft, management insight, formal report, forecast, scenario, or approved
financial statement?

This checklist is not bureaucracy for its own sake. It protects the credibility of finance. Once leaders lose
trust in the numbers, every decision becomes harder.

Example: month-end commentary

Consider a finance team that spends several days after month-end preparing commentary for business
leaders. Analysts extract data, compare actuals to budget, identify variances, chase explanations, write
summaries, revise wording, and prepare slides.

AI could support this workflow by producing a first-pass variance summary. It might identify that revenue is
below plan in one region, gross margin has improved in another, travel spend is above budget, and cash
collection has slowed in a specific customer segment.

That first draft could save time. More importantly, it could redirect finance effort from basic description to
better analysis.

But the draft must be reviewed. A model may confuse correlation with cause. It may overstate the
importance of a small variance. It may miss a one-off accounting adjustment. It may produce confident
language without knowing that a department head has already explained the movement.

The right design is not “AI writes the finance report.” The right design is “AI helps prepare a draft so finance
can spend more time testing the explanation and advising the business.”

Example: cash-flow risk

Cash-flow management is often where businesses feel reality quickly. Profit may look acceptable while
cash becomes tight because customers pay late, stock levels rise, capital expenditure increases, or
supplier terms change.

AI can help finance teams detect early warning signals. It might compare payment behaviour, invoice
ageing, customer segment, order patterns, dispute history, seasonality, and external risk indicators. The
system could flag accounts where collection risk appears to be increasing or scenarios where working
capital becomes strained.

The output should support action: earlier customer conversations, adjusted credit control, revised
purchasing, renegotiated terms, or leadership awareness.

Again, the system should not be treated as final judgement. A customer flagged as risky may have a
temporary administrative delay. A customer not flagged may still fail. The purpose is sharper attention, not
false certainty.

Example: spend analysis
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Many organisations do not have a clear view of spend. Supplier names differ across systems. Categories
are inconsistently coded. Similar purchases happen under different labels. Contracted and non-contracted
spend may be hard to compare.

AI can help classify spend, group suppliers, identify unusual price variation, detect duplicate vendors, and
suggest consolidation opportunities. Procurement and finance can then investigate whether the
organisation is missing savings, taking unnecessary supplier risk, or failing to use negotiated terms.

This is a good example of AI as a lens. It helps the business see patterns. The commercial decision still
requires context: supplier quality, service history, resilience, contractual obligations, and the operational
impact of change.

The danger of spreadsheet chaos amplified

Many finance functions depend on spreadsheets. Spreadsheets are flexible, familiar, and useful. They are
also easy to duplicate, alter, mislink, and circulate without control.

AI does not automatically fix spreadsheet chaos. It can make it worse.

If a finance AI tool draws on uncontrolled spreadsheet versions, inconsistent definitions, or privately
maintained data, it may produce faster but less reliable answers. If employees upload sensitive
spreadsheets into unapproved tools, the organisation may create confidentiality, privacy, and security
risks. If teams use AI to generate formulas or models they do not understand, they may create hidden
errors.

The answer is not to ban all experimentation. The answer is to set boundaries:

● define approved tools;

● protect sensitive data;

● identify official sources of truth;

● maintain version control for critical models;

● require review of AI-generated formulas, commentary, and assumptions;

● keep formal reporting inside controlled processes.

Finance has a special role here. It should model disciplined adoption for the rest of the business.

Better decisions, not just faster reports

The greatest finance opportunity is not simply faster reporting. It is better decision-making.

A faster report has value if it helps the business act earlier. But a faster report that no one uses is just a
more efficient ritual. AI should help finance improve the quality, timing, and clarity of decisions.

That means connecting AI use cases to decision moments:

● pricing reviews;

● hiring approvals;

● capital allocation;

● customer profitability;

● product profitability;

● supplier negotiations;



The AI Pivot — reader PDF 54

● credit control;

● inventory decisions;

● investment cases;

● board risk discussions.

For each decision, ask what would improve it. More current data? Better scenario analysis? Earlier
anomaly detection? Clearer assumptions? A wider view of risk? Faster commentary? More consistent
policy interpretation?

The answer determines the AI use case.

Finance metrics that matter

AI initiatives in finance should be measured carefully. Possible metrics include:

● reduction in manual reporting time;

● faster month-end or management-reporting cycles;

● fewer reconciliation errors;

● earlier detection of anomalies;

● improved forecast accuracy where measurable;

● reduced time to prepare scenarios;

● improved cash collection focus;

● lower duplicate payments or avoidable leakage;

● better policy compliance;

● faster response to business questions;

● stronger satisfaction from internal decision-makers;

● clearer audit trails and control evidence.

The warning from earlier chapters still applies: time saved is not automatically money saved. If AI reduces
report preparation time, the business must decide what that time becomes. More analysis? Faster decision
support? Reduced overtime? Better control testing? More business partnering?

Value should be defined before the pilot begins.

Common mistakes in finance AI

Finance leaders should watch for several common mistakes.

Mistake 1: Treating AI output as audited fact.

A model-generated answer is not the same as an approved financial report. Formal reporting requires
source traceability, controls, and accountability.

Mistake 2: Automating weak definitions.

If business units define revenue, margin, customer, product, or cost categories differently, AI may hide
inconsistency behind smooth language.

Mistake 3: Using sensitive data in unapproved tools.
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Finance data often includes payroll, supplier, customer, pricing, contract, strategy, and performance
information. Access and data-use rules must be explicit.

Mistake 4: Ignoring false positives and false negatives.

An anomaly system that flags too much will be ignored. One that misses important issues will be distrusted.
Performance must be monitored and tuned.

Mistake 5: Letting finance become a reporting factory with better tools.

If AI only accelerates old reporting habits, the business may miss the larger opportunity: finance as a more
proactive decision partner.

Questions for the CFO and leadership team

Finance leaders do not need to become AI engineers. They do need to ask disciplined questions:

● Which finance decision or process is slow, repetitive, risky, or insight-poor?

● What official data sources should the system use?

● Can every output be traced back to source data or approved assumptions?

● What level of human review is required?

● What data should never be entered into unapproved AI tools?

● How will we distinguish draft commentary from approved reporting?

● What controls must be preserved?

● How will we measure value beyond time saved?

● Who owns the model, the process, the data, and the final decision?

● What would cause us to stop or redesign the use case?

These questions keep finance AI anchored in trust.

Reader action: test one finance use case against controls

Choose one finance use case, such as commentary drafting, anomaly detection, cash-flow forecasting, or
spend analysis. Apply the finance control checklist: source data, approval route, audit trail, segregation of
duties, human review, and evidence of value. If any control is unclear, treat the use case as unfinished.

The decision unlocked by this chapter

The decision is to use AI in finance where it improves forecasting, anomaly detection, reporting, scenario
analysis, knowledge retrieval, and decision support — without weakening controls, auditability, or
accountability.

Finance should not be the department that says no to AI by default. Nor should it become the department
that accepts automated answers because they are quick and polished. Its role is more important: to show
the organisation how to use AI with evidence, discipline, and commercial judgement.

If operations is where business promises become reality, finance is where those promises are tested
against resources, risk, and results. AI can help that test happen faster and with better insight. But the
numbers must remain trusted, the assumptions must remain visible, and humans must remain accountable
for decisions.
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The next chapter turns to HR and people, because even the best financial case will fail if the workforce
does not understand, trust, and adapt to the change.
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Chapter 11 — HR and People: Skills, Hiring,
Training, and Workforce Change
AI adoption is often discussed in the language of tools, data, platforms, vendors, and productivity. But
inside a real business, it quickly becomes a people issue.[15][16][13][14]

A department head wants to use AI to draft job descriptions. A recruiter wants help screening applications.
A learning team wants to build personalised training materials. Employees are quietly using AI to write
emails, summarise documents, prepare presentations, and answer policy questions. Some managers are
excited. Some staff are anxious. Some people are already gaining an advantage because they know how
to use the tools. Others feel exposed because the work they do every day suddenly looks easier to
automate.[1][3][4][2][17][18]

This is the point where HR cannot stand at the edge of the AI conversation.[14][15]

AI changes skills, roles, learning, communication, trust, and workforce planning. It may improve hiring
administration, training design, knowledge access, employee support, and workforce insight. It may also
introduce bias, surveillance fears, confidentiality risks, and poor decisions disguised as efficient
processes.[9][10][11][12][1][3]

The responsible question is not, “How do we use AI to replace people?” The better question is, “How will AI
change the work people do, and how do we help them adapt safely and productively?”

HR’s role is to make sure the organisation treats AI adoption as a workforce transition, not merely a
technology rollout.[13][14][15]

The people problem AI exposes

Most organisations already have people challenges before AI arrives.

They may have skills gaps. They may depend on a few experienced employees who know how work really
gets done. They may have inconsistent management practices, outdated job descriptions, patchy training,
slow onboarding, unclear career paths, or low trust between leadership and staff.[1][3][4][14][15]

AI does not make those problems disappear. It reveals them.

If employees do not understand why AI is being introduced, they may assume the worst. If managers use
AI inconsistently, teams may see unfairness. If leadership talks only about efficiency, staff may hear job
loss. If HR deploys AI into hiring or performance processes without strong controls, the organisation may
create legal, ethical, and reputational risk. If training is generic and optional, adoption will be
uneven.[1][3][4][15][16][13]

The practical challenge is that AI affects tasks before it affects whole roles. A customer service agent may
still have the same job title, but AI may change how they search for answers, write responses, escalate
cases, and record notes. A marketer may still own campaign planning, but AI may change first drafts,
customer research, testing, and reporting. A finance analyst may still be accountable for insight, but AI may
produce the first variance explanation.[15][16]

When tasks change, skills change. When skills change, confidence changes. When confidence changes,
culture changes.[14][15]

That is why HR and people leaders must be involved early.[14][15]

Five HR and workforce opportunity areas
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AI can support HR and people functions in several practical ways. The point is not to automate the
humanity out of HR. The point is to reduce administrative drag, improve access to knowledge, support
better workforce decisions, and help employees learn.[14][15]

Workforce Impact Planner
Workforce AI decisions should consider task impact, employee trust, bias risk, training…

manager readiness, and legal oversight.

Low impact / Low risk High impact / Low risk

Low impact / High risk High impact / High
risk

Use the matrix to compare choices, not to replace judgement.

Figure 11.1

1. Skills mapping and workforce planning

Many organisations do not have a clear picture of their current skills. They know job titles, reporting lines,
and perhaps training records. They may not know which employees are strong at data analysis, customer
negotiation, process improvement, prompt writing, quality review, vendor management, or AI-assisted
workflow design.[2][17][18][14][15][1]

AI can help analyse role descriptions, training records, project histories, competency frameworks,
employee profiles, and manager input to build a more useful view of workforce capability. It can support
skills inventories, identify likely gaps, and help leaders see where AI adoption will require
reskilling.[13][14][15]

For example, a business introducing AI-assisted customer service may need fewer people spending time
searching knowledge articles, but more people able to handle escalations, improve knowledge content,
review AI outputs, and detect service failures. A marketing team using generative AI may need stronger
editorial judgement, brand governance, testing discipline, and data interpretation.[1][3][4][2][17][18]

The risk is false precision. A skills map is only as good as the information behind it. Employees are not
simply bundles of keywords. A responsible skills process should combine data, manager judgement,
employee self-assessment, and open conversation.[14][15]

2. Hiring and recruitment support

Recruitment contains many repetitive tasks: drafting job adverts, preparing interview questions,
summarising candidate information, scheduling, communicating with applicants, and comparing role
requirements with experience.
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AI can help with some of this work. It can draft clearer job descriptions, remove unnecessary jargon,
suggest structured interview questions, summarise applications for human review, and help recruiters
communicate more consistently. It may also help identify whether a role description is asking for skills that
are no longer aligned with the work.[1][3][4][2][17][18]

But hiring is a high-risk area. Employment decisions affect people’s livelihoods and can raise
discrimination, privacy, and transparency concerns. AI should not be treated as a neutral judge. Systems
can reproduce or amplify bias if trained on biased history, designed with weak proxies, or used without
proper oversight. Even a tool that appears efficient may disadvantage candidates if it screens for patterns
that are not genuinely job-related.[6][7][8][1][3][4]

A careful organisation should keep humans accountable for recruitment decisions, validate any
AI-supported process, document criteria, protect candidate data, and seek specialist legal review where
required. The safest early use cases are often administrative and drafting support, not automated
selection.

3. Learning, training, and performance support

AI can make workplace learning more practical. Instead of relying only on long training sessions,
employees can receive role-specific guidance, practice scenarios, explanations, quizzes, simulations, and
on-demand help.[13][14][15]

A sales manager might use AI to create practice objections for a new product. A compliance team might
generate scenario-based learning from approved policies. A service team might use an internal assistant to
explain how to handle unusual cases. A manager might receive coaching prompts before a difficult
performance conversation.

This matters because AI adoption itself requires training. Employees need more than a one-hour
introduction to a tool. They need to understand what the business allows, what data must not be entered,
how to check outputs, where human judgement is required, how to report problems, and how AI fits into
their actual workflow.

Good AI training is role-specific. The finance team needs different examples from the marketing team. HR
needs different guardrails from operations. Senior leaders need to learn how to ask better questions, not
how to write clever prompts for every task.

The risk is training theatre: a launch webinar, a few tips, and a claim that the workforce is now AI-ready.
Real capability develops through practice, coaching, review, feedback, and visible management support.

4. Employee knowledge and HR service

Employees ask many recurring questions:

● How much leave do I have?

● Where is the parental leave policy?

● What is the process for expenses?

● How do I request flexible working?

● What training is available for my role?

● Who approves a role change?

● What should a manager do during probation review?

AI can support HR service by helping employees find answers from approved policies, procedures, and
knowledge bases. A well-designed internal assistant can reduce repeated queries, improve consistency,
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and make HR information easier to access.

The words “approved policies” matter. An HR assistant that draws on outdated handbooks, old emails,
informal advice, or policy drafts can create confusion quickly. It should clearly show source material, state
when human HR advice is needed, and avoid pretending to resolve sensitive or complex cases
automatically.

Sensitive topics require care. Grievances, health information, disciplinary matters, employee relations,
discrimination complaints, and personal data should not be pushed into casual automation. AI can help
route or prepare information, but the organisation must define boundaries.

5. Workforce sentiment and change insight

AI can help leaders understand patterns in employee feedback, engagement survey comments, exit
interview themes, learning needs, internal questions, and change concerns. This can be valuable during AI
adoption because employee sentiment may change quickly.

For example, analysis might reveal that employees are less worried about learning the tool and more
worried about how performance will be measured. Or it might show that managers are giving inconsistent
messages about whether AI use is encouraged. Or it might reveal that one function has many shadow-AI
practices because official tools are not meeting a real need.

The benefit is earlier insight. The risk is surveillance.

Employees must understand what data is being analysed, why, who can see it, and what will not be done
with it. If AI sentiment analysis feels like covert monitoring, trust may fall. HR should use workforce insight
to improve communication, training, and support — not to create a culture where employees feel constantly
watched.

The workforce impact planner

Before approving an AI use case that affects employees, leaders should work through a Workforce Impact
Planner. This is not only an HR form. It is a management discipline.

1. Roles affected

Which roles, teams, or employee groups will be affected directly or indirectly? Include managers,
reviewers, support teams, and downstream users of AI outputs.

2. Tasks affected

Which specific tasks will change? Drafting, searching, checking, approving, scheduling, analysing,
responding, escalating, reporting, or deciding?

3. Nature of change

Will AI automate a task, assist a person, recommend an action, monitor patterns, or provide knowledge?
Be precise. “AI will help HR” is too vague to govern.

4. Skills required

What new skills will employees need? Examples include prompt writing, output checking, data awareness,
escalation judgement, policy interpretation, customer empathy, critical thinking, and workflow redesign.

5. Training required

What training is needed before launch, during pilot, and after adoption? Who will provide it? How will the
business know employees are confident enough to use the system responsibly?

6. Human-AI workflow design
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Where does human judgement remain essential? Who reviews outputs? Who approves decisions? Who
can override the system? What should employees do when the AI output looks wrong?

7. Employee concerns likely to arise

What will people worry about? Job security, monitoring, performance expectations, fairness, workload,
deskilling, customer reaction, or being blamed for AI errors?

8. Communication plan

What will leaders say before, during, and after the pilot? Communication should explain purpose, scope,
benefits, limits, safeguards, and feedback channels.

9. Measures of adoption and confidence

How will the business measure whether employees are using the system well? Possible measures include
training completion, usage quality, error reports, employee confidence, manager feedback, customer
impact, and workflow outcomes.

10. Review and adjustment

When will the workforce impact be reviewed? What evidence would cause the organisation to pause,
redesign, retrain, or stop the use case?

This planner helps avoid the common mistake of treating people as the last step in implementation. People
are not the last step. They are the system through which AI becomes useful.

Example: AI-assisted recruitment administration

Consider a growing business where recruitment is slow and inconsistent. Hiring managers write job
descriptions in different styles. Some adverts include outdated requirements. Recruiters spend time
rewriting copy, preparing interview guides, answering candidate questions, and summarising notes.

AI could help by drafting job adverts from a standard role template, checking language for clarity, preparing
structured interview questions, summarising candidate communications, and producing onboarding
checklists.

This could improve consistency and speed. But the boundaries must be clear.

The AI should not reject candidates automatically. It should not infer personality, motivation, or cultural fit
from unreliable signals. It should not use protected characteristics or proxies. It should not make a hiring
recommendation that managers accept without review. Candidate data should be handled under approved
privacy and retention rules.

A sensible pilot might begin with job-description drafting and interview-question support. The measure of
success would not simply be faster hiring. It would include better role clarity, more consistent interview
practice, candidate experience, manager satisfaction, and evidence that the process remains fair and
explainable.

Example: training for AI-assisted customer service

A service organisation introduces an AI assistant that suggests responses to customer queries. Leaders
expect faster handling and more consistent answers. The technical team configures the tool. The service
director announces the pilot.

But the workforce impact is more complex.

Agents need to know when to trust the suggested response and when to challenge it. They need to
understand whether the answer comes from approved knowledge. They need to avoid copying language
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that is legally risky, insensitive, or unsuitable for a frustrated customer. They need a simple way to report
wrong suggestions. Team leaders need to coach review behaviour, not just measure speed.

If training focuses only on tool mechanics, adoption may look good while quality suffers. If performance
metrics reward speed too heavily, agents may accept AI suggestions without enough judgement. If
employees fear that every interaction is being monitored to replace them, they may resist or use the tool
defensively.

A better implementation frames the assistant as support for better service. It trains agents on examples,
edge cases, escalation rules, tone, quality review, and customer empathy. It measures resolution quality as
well as handling time. It invites feedback from the people closest to the work.

That is people-centred AI adoption.

Example: internal HR knowledge assistant

An HR team wants to reduce repeated questions about policies, benefits, leave, expenses, and manager
procedures. An internal AI assistant appears attractive. Employees could ask questions in plain English
and receive quick answers.

This is a useful opportunity if the foundation is ready.

The HR team must first identify official policy sources, remove outdated versions, assign document
owners, and define which questions the assistant can answer. It should show links or references to source
policies. It should tell employees when a matter needs human HR support. It should avoid giving definitive
answers on complex employee relations issues.

The tool also needs careful tone. HR communication is not only information transfer. It affects trust. An
answer about bereavement leave, workplace adjustments, illness, or a complaint should not sound like a
cold legal extract or a confident answer assembled from uncertain sources.

The right design is not “AI replaces HR advice.” It is “AI helps employees find routine information quickly,
while HR people spend more time on judgement, support, and complex cases.”

The trust equation

AI adoption succeeds or fails partly through trust. Employees need to trust that the tools are useful, that
management is honest about purpose, that data is handled responsibly, and that AI outputs will not be
treated as unquestionable authority.

Trust does not mean everyone agrees with every decision. It means the organisation behaves predictably
and explains itself.

Leaders should be especially careful with three messages.

First, do not pretend there will be no workforce impact.

Employees will not believe vague reassurance if they can see tasks changing. It is better to say: “Some
tasks will change. Some skills will become more important. We will involve teams, train people, review
impacts, and manage the change responsibly.”

Second, do not talk only about efficiency.

If every AI message is about saving time and reducing cost, employees will infer that people are the
problem. Include quality, customer service, safety, learning, career development, and reducing frustrating
work.

Third, do not make AI competence a private advantage.
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If only confident early adopters receive support, AI may widen internal inequality. Some employees will
become much more productive while others fall behind. Training, coaching, and access should be planned,
not left to luck.

Bias, fairness, and employment risk

HR is one of the areas where AI risk deserves particular attention. Employment decisions can affect hiring,
promotion, pay, scheduling, performance management, discipline, development, and exit. These decisions
carry ethical, legal, and reputational consequences.

Bias can enter an AI-supported HR process in several ways:

● historical data may reflect past unfairness;

● job criteria may include unnecessary requirements;

● proxies may indirectly reflect protected characteristics;

● managers may over-rely on system scores;

● candidates or employees may not understand how information is used;

● outputs may be harder to challenge than human reasoning;

● vendors may provide insufficient transparency for the organisation’s obligations.

This chapter is not legal advice. Requirements vary by jurisdiction, sector, and use case. The business
principle, however, is durable: AI should not be allowed to make people decisions without clear purpose,
validation, current specialist advice, oversight, accountability, and review.

For many organisations, the best early HR use cases are those that support administration, learning,
knowledge access, and workforce planning rather than high-stakes automated selection or performance
scoring.

Common mistakes in HR and people AI

People leaders should watch for several predictable mistakes.

Mistake 1: Treating AI adoption as a software training problem.

Tool training is necessary, but not sufficient. Employees need workflow guidance, data rules, judgement
standards, escalation paths, and management support.

Mistake 2: Starting with high-risk employment decisions.

Automated candidate screening, performance scoring, and workforce monitoring may appear efficient, but
they can create serious fairness and trust risks. Start with lower-risk support use cases where oversight is
easier.

Mistake 3: Communicating too late.

If employees hear about AI only after decisions have been made, rumours fill the gap. Early, honest
communication reduces fear and improves feedback.

Mistake 4: Ignoring managers.

Line managers translate AI strategy into daily behaviour. If they are unclear, teams will be unclear.
Managers need scripts, examples, training, and permission to raise concerns.

Mistake 5: Measuring adoption only by usage.
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High usage does not mean good usage. Employees may use a tool badly, copy outputs without review, or
use it for tasks outside policy. Measure quality, confidence, outcomes, and risk signals.

Mistake 6: Allowing surveillance fears to grow.

If employees think AI is being used to watch every action, trust will fall. Be explicit about what is monitored,
why, who sees it, and what safeguards apply.

Metrics that matter

AI initiatives in HR and workforce change should be measured with care. Useful metrics may include:

● reduction in repetitive HR queries;

● faster access to approved policy information;

● improved onboarding completion and confidence;

● training completion and demonstrated capability;

● employee confidence in using AI responsibly;

● manager readiness and communication quality;

● reduction in administrative recruitment effort;

● improved consistency of interview materials;

● quality of employee feedback during pilots;

● number and type of AI-related concerns raised;

● evidence of fair, explainable processes;

● impact on service quality, not only speed;

● retention of human review in sensitive decisions.

The most important measures are not only efficiency measures. They are trust, capability, fairness, and
quality measures. A people function that saves time while damaging confidence has not created value.

Questions for HR and the leadership team

HR leaders do not need to become technologists, but they do need to become serious participants in AI
governance. Useful questions include:

● Which employee tasks are most likely to change in the next 12 months?[14][15]

● Which roles need new skills because of AI-assisted work?

● What AI use is already happening informally across the workforce?

● What employee data could be involved, and what rules govern it?

● Which HR use cases are low risk enough to pilot first?

● Which use cases should require legal, privacy, or ethics review before proceeding?

● How will we explain the purpose of AI adoption to employees?

● What training does each function need, not just what training does the tool vendor provide?

● Where must human judgement remain accountable?

● How will employees challenge, correct, or report poor AI outputs?
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● How will managers be prepared to lead teams through the change?

● What evidence would show that trust is improving or deteriorating?

These questions move HR from reaction to leadership.

Reader action: complete a workforce impact snapshot

Choose one AI use case that affects employees, managers, applicants, or learning. Identify who is
affected, what changes in their work, what training they need, what risks could undermine trust, and what
human decision rights must be preserved. Use the answer to decide whether HR should sponsor, review,
pause, or redesign the proposal.

The decision unlocked by this chapter

The decision is to treat AI as a workforce change that must be planned, communicated, trained, governed,
and measured.

HR should not block every AI use because risk exists. Nor should it allow the business to introduce AI into
people processes simply because the tool is available. Its job is to help the organisation ask better
questions: Which tasks change? Which skills matter? Which decisions require human accountability?
Which employees need support? Which uses are too sensitive without stronger controls?

The businesses that handle AI well will not be the ones that talk casually about replacing people. They will
be the ones that redesign work carefully, help employees build new capability, protect fairness, and
communicate honestly about change.

AI may alter the shape of many roles. But adoption still depends on human confidence, judgement, trust,
and leadership.

The next chapter turns to legal, compliance, and risk, because the same people questions — fairness,
privacy, accountability, and trust — become even more important when AI touches regulated decisions,
confidential information, contracts, and legal obligations.
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Chapter 12 — Legal, Compliance, and Risk: Using
AI Without Losing Control
A senior manager sends a supplier contract to an AI tool and asks for the five clauses that matter most. A
compliance officer uses a chatbot to summarise new regulatory guidance. A sales team asks AI to rewrite
customer terms in plainer language. A junior employee uploads a confidential dispute file to get a quick
briefing before a meeting. The results look useful. They are clear, fast, and confidently
written.[9][10][11][12][2][17]

Then the uncomfortable questions begin.

Where did the document go? Was confidential information shared outside the organisation? Did the AI
invent a legal point that was not in the contract? Has privilege been weakened? Has personal data been
processed lawfully? Who checked the answer? Was the tool approved? If the business acts on the output
and gets it wrong, who is accountable?[6][7][8][9][10][11]

This is why legal, compliance, and risk teams must be involved in AI adoption early. Not to stop every
experiment. Not to turn a business guide into a legal manual. But to help the organisation use AI without
losing control of information, obligations, decisions, and accountability.[1][3][4][13][14]

AI can support legal and compliance work in practical ways. It can help review documents, compare
clauses, summarise policies, track obligations, prepare first drafts, monitor changes, and make complex
information easier to search. Used well, it can reduce administrative load and help professionals focus on
judgement. Used casually, it can create confidentiality breaches, false confidence, intellectual-property
uncertainty, privacy exposure, and decisions that no one can properly explain.[6][7][8][9][10][11]

The responsible question is not, “Can legal use AI?” The better question is, “Which legal, compliance, and
risk tasks can AI support, under what boundaries, with what review, and with whose
accountability?”[1][3][4]

This chapter gives leaders a practical way to answer that question.

Why legal and compliance AI feels different

Every department has AI risk, but legal and compliance work carries a particular weight because it often
deals with rights, obligations, confidential information, regulated activity, disputes, contracts, employment
matters, customer commitments, and evidence.[9][10][11][12][14][15]
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AI Legal Use Boundary Map
Legal and compliance AI is safest when boundaries are explicit: drafting support, knowl…

retrieval, review, advice, approval, and accountability are not the same thing.

Assistance zone

Search, summarise, draft, compare,
classify, and prepare evidence.

Decision zone

Advise, approve, commit, represent,
decide, or determine legal position.

Crossing the boundary requires accountable human review.

Figure 12.1

A marketing draft can be edited. A customer-service response can be escalated. A forecast can be treated
as one input among many. But a legal interpretation, compliance assessment, contract position, regulatory
filing, or dispute strategy can expose the business if it is wrong, incomplete, or based on information that
should not have been shared.[1][3][9][11]

There are three reasons this area needs discipline.

First, the information is often sensitive. Contracts, litigation materials, employee cases, customer
complaints, board papers, regulatory correspondence, security incidents, acquisition documents, and
intellectual property may contain information that should not be entered into public or unapproved
tools.[9][10][11][12][21][22]

Second, the outputs can sound more authoritative than they are. Generative AI can produce fluent
legal-style language even when it is mistaken, incomplete, outdated, or based on assumptions. A confident
answer is not the same as a reliable answer.[2][17][18]

Third, accountability cannot be delegated to the model. If a business breaches a contract, mishandles
personal data, infringes rights, misleads a regulator, or relies on poor advice, it cannot defend itself by
saying, “The AI said it was fine.” Humans and organisations remain responsible for
decisions.[6][7][8][1][3][4]

This does not mean legal and compliance teams should reject AI. It means they should help define where
AI is useful, where it is dangerous, and where human review is non-negotiable.[1][3][4]

Five legal, compliance, and risk opportunity areas

AI opportunities in this function are real, but they should be chosen with care. The safest starting points
usually support professionals rather than replace judgement.

1. Contract review support
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Contracts contain repeated patterns: parties, dates, obligations, payment terms, renewal clauses,
termination rights, liability limits, data-processing provisions, confidentiality terms, indemnities, governing
law, service levels, and unusual deviations from standard positions.[9][10][11][12]

AI can help a legal or commercial team locate clauses, summarise key terms, compare a contract against a
playbook, identify missing sections, flag unusual wording, and prepare a first-pass issues list for human
review.[1][3][4][2][17][18]

For example, a procurement team may ask an approved AI system to compare supplier contracts against
the company’s standard checklist. The tool could highlight non-standard liability wording, missing
data-protection terms, automatic-renewal provisions, or audit-right limitations. This does not make the tool
the lawyer. It makes the review process faster and more consistent if the source documents are controlled,
the checklist is approved, and a qualified person reviews the output.[1][3][9][11]

The risk is over-reliance. AI may miss a clause, misunderstand a defined term, treat a risky provision as
normal, or fail to understand commercial context. It may also summarise without showing enough
evidence. A good workflow should require source references, exception reporting, human sign-off, and
clear limits on which contracts can be processed.[2][17][18]

2. Policy and regulatory knowledge retrieval

Many businesses struggle less with the absence of policies and more with finding the right policy at the
right time. Employees may not know where to locate guidance on gifts and hospitality, data handling,
complaints, procurement approvals, health and safety, financial controls, employment procedures, or
information security.[9][10][11][12][1][3]

AI can make approved policies easier to search. Instead of asking employees to navigate a folder
structure, an internal assistant can answer plain-English questions using controlled policy sources. A
compliance manager might ask, “What approvals do we need before onboarding a new supplier that
handles customer data?” A sales manager might ask, “What are the rules for offering a discount to a
public-sector customer?”[1][3][4][14][15][9]

This can improve access and consistency, but only if the system retrieves from current, approved
documents. It should show sources, distinguish between policy and guidance, flag uncertainty, and direct
sensitive questions to the appropriate team.[1][3][4]

The danger is policy theatre: a chatbot that sounds helpful but draws from outdated files, draft documents,
informal emails, or mixed jurisdictions. In compliance work, an answer that is “mostly right” can still cause
trouble if the missing exception is the one that matters.

3. Obligation tracking and compliance monitoring

Businesses accumulate obligations through contracts, regulation, licences, customer commitments,
certifications, insurance conditions, internal controls, and board decisions. Many obligations are buried in
documents and tracked through spreadsheets, email reminders, or individual memory.

AI can help extract obligations from documents, classify them by owner and deadline, identify recurring
reporting duties, and support dashboards for compliance follow-up. It may also help monitor internal control
evidence, policy attestations, training completion, complaints themes, or supplier compliance
documentation.

For example, a business with many customer contracts might use AI to identify notification deadlines, audit
commitments, service-level reporting requirements, data-processing obligations, and renewal dates. The
value is not in replacing responsibility. The value is in reducing the chance that important obligations
remain hidden in documents no one revisits.
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The risk is that extracted obligations are incomplete or wrongly classified. A human owner must validate
obligations before they become part of the control system. The tool can support the register; it should not
silently become the register without review.

4. Risk assessment and incident preparation

Legal, compliance, and risk teams spend significant time preparing assessments: what happened, who is
affected, what data or contract is involved, what obligations may apply, what evidence exists, what
decisions are needed, and what escalation route should be followed.

AI can help organise information for human review. It can summarise incident reports, group similar
complaints, draft timelines, prepare meeting briefs, compare issues against a risk taxonomy, and generate
checklists for investigation teams.

Consider a suspected data incident. An approved internal tool might help summarise technical notes,
customer communications, system logs, and incident updates into a structured briefing for the privacy,
security, and legal teams. It might identify missing information that investigators need to collect. That can
improve speed and coordination.

But incident work is sensitive. AI outputs should not determine regulatory notification, liability, disciplinary
action, or customer communication without specialist review. The tool should assist the team in getting
organised; it should not decide the legal position.

5. Training, awareness, and scenario practice

Compliance training often fails because it is generic, abstract, and quickly forgotten. AI can help create
role-specific scenarios, quizzes, manager discussion guides, policy explanations, and practice exercises.

A finance team can receive examples about approval limits and supplier fraud. A sales team can practise
anti-bribery and customer-claims scenarios. A product team can explore privacy-by-design questions. A
customer-service team can work through complaint-handling and escalation examples.

This is a useful area because AI can help translate rules into realistic business situations. The compliance
team can provide approved policy content and review the outputs before use.

The risk is accidental misinformation. Training content should not be generated and distributed without
review. If a scenario oversimplifies a legal duty or gives the wrong escalation advice, it may train people
into bad habits. AI can draft; compliance must approve.

The AI Legal Use Boundary Map

Leaders need a simple way to decide what AI can do in legal, compliance, and risk work. The AI Legal Use
Boundary Map separates tasks into four zones: allowed, controlled, restricted, and prohibited.

This map should be adapted to the organisation’s jurisdiction, sector, risk appetite, contractual obligations,
and legal advice. It is not a substitute for specialist review. It is a management tool for clearer decisions.

Zone 1: Allowed support use

These are lower-risk uses where AI supports general productivity and does not involve confidential,
personal, privileged, or high-stakes information unless the tool is approved for that data.

Examples may include:

● drafting a plain-English explanation of an already-approved policy;

● creating a training outline from reviewed compliance content;

● summarising public regulatory guidance for internal discussion, with source checking;
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● improving readability of non-sensitive templates;

● creating checklists for human review;

● preparing meeting agendas or generic issue lists.

The rule for this zone is simple: AI may help with drafting and organisation, but employees still verify
accuracy before use.

Zone 2: Controlled professional support

These uses may involve business documents, contracts, internal policies, or compliance materials. They
can create value, but they require approved tools, access controls, confidentiality protections, source
references, and human review.

Examples may include:

● first-pass contract clause extraction;

● comparison against an approved contract playbook;

● obligation tracking from supplier agreements;

● policy Q&A using controlled internal documents;

● compliance evidence summarisation;

● incident briefing preparation;

● regulatory change summaries for professional review.

The rule for this zone is: AI may assist qualified people, but it must not become the accountable
decision-maker.

Zone 3: Restricted high-risk use

These uses require senior approval, legal or specialist review, documented controls, and often a formal risk
assessment before any pilot.

Examples may include:

● processing sensitive personal data;

● analysing employee relations cases;

● supporting litigation or dispute strategy;

● reviewing documents subject to privilege or strict confidentiality;

● assessing customer eligibility, complaints, or claims in regulated settings;

● generating external legal or regulatory submissions;

● using AI outputs in decisions that significantly affect individuals.

The rule for this zone is: do not proceed casually. Define purpose, data, tool, safeguards, reviewers, audit
trail, and stop conditions before use.

Zone 4: Prohibited or not-yet-approved use

Some uses should be prohibited unless and until the organisation has explicit approval, specialist advice,
and suitable controls.
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Examples may include:

● uploading confidential legal files to unapproved public tools;

● asking AI to provide final legal advice to non-lawyers;

● allowing AI to make binding legal, employment, customer, or compliance decisions without human
accountability;

● using AI to bypass approval processes;

● entering trade secrets, acquisition plans, security details, or privileged materials into tools without
approval;

● relying on AI-generated citations, cases, laws, or regulatory interpretations without verification.

The rule for this zone is: convenience does not justify loss of control.

Example: contract review without false confidence

A mid-sized business signs many supplier agreements. The legal team is small. Commercial managers are
frustrated because reviews take time. Some managers begin using public AI tools to “check” contracts
before sending them to legal.

This creates risk immediately. Supplier contracts may contain confidential pricing, data-processing terms,
security obligations, product plans, or customer commitments. The public tool may not be approved for that
information. The AI may also provide a confident but incomplete assessment.

A better approach is to design a controlled contract-review assistant.

The legal team starts by building an approved clause playbook. It identifies the positions that matter:
liability caps, indemnities, termination rights, automatic renewals, data protection, audit rights,
confidentiality, governing law, service levels, and unusual payment terms. It then works with IT and
procurement to choose a tool that meets the organisation’s security and data-handling requirements.

The assistant is used only for first-pass review. It extracts key clauses, compares them to the playbook,
flags deviations, and links back to the contract text. It does not approve the contract. It does not negotiate.
It does not decide risk appetite. A lawyer or authorised commercial reviewer signs off.

The measures of success are not only speed. They include consistency of issue spotting, reduction in
low-value back-and-forth, fewer missed renewals or obligations, better escalation of material risks, and
user compliance with the approved workflow.

That is controlled use: faster work without pretending that legal judgement has been automated.

Example: compliance knowledge assistant

A regulated business has a large library of policies and procedures. Employees often ask the compliance
team the same questions. Managers complain that policies are hard to find. Compliance officers spend
time answering routine queries instead of advising on higher-risk issues.

An internal AI assistant could help employees find answers from approved documents. But the design
matters.

Before launch, the compliance team identifies the official policy library. Outdated documents are removed.
Each document has an owner and review date. The assistant is configured to retrieve only from approved
sources. Answers include links to source policies. Sensitive topics are routed to compliance rather than
answered definitively. The system logs questions so the team can see where policies are confusing.
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The launch message is clear: the assistant helps employees find guidance; it does not replace compliance
approval. If a matter involves a customer complaint, suspected misconduct, a regulator, a conflict of
interest, personal data, or unusual commercial pressure, employees must escalate.

The value is practical. Employees get faster guidance for routine questions. Compliance sees where
training is needed. Policy owners discover which documents are unclear. But the organisation retains
control because the system is bounded, sourced, reviewed, and monitored.

Example: incident response briefing

A business discovers a possible security incident involving customer information. Several teams are
involved: IT, security, customer service, legal, privacy, communications, and senior leadership. Information
arrives quickly and imperfectly.

AI may help organise the facts. It can summarise status updates, list open questions, draft a timeline,
group affected systems, and prepare an internal briefing for the incident team. This can save time when
pressure is high.

But this is also where AI must stay in its lane.

The tool should not decide whether notification is legally required. It should not draft external messages
without specialist review. It should not downplay uncertainty. It should not process sensitive evidence in an
unapproved environment. It should not create a clean story before the facts are known.

The right instruction is: “Help us organise what we know, what we do not know, what evidence supports
each point, and what decisions need expert review.”

In risk work, clarity about uncertainty is often more valuable than a polished answer.

The main risks leaders must control

Legal and compliance teams should help the business understand a few recurring AI risks in plain English.

Confidentiality risk. Sensitive information may be entered into tools that are not approved for that data.
This can include contracts, customer data, employee files, pricing, code, board papers, and dispute
documents.[6][7][11][20][21]

Privilege risk. Some legal communications or work product may need special protection. Using AI in the
wrong way could create arguments about whether information remained protected. Requirements vary by
jurisdiction and context, so specialist legal review is essential.

Privacy risk. AI use may involve personal data about customers, employees, applicants, patients, users,
or suppliers. Privacy obligations depend on jurisdiction, purpose, lawful basis, transparency, retention,
security, and data-subject rights. Leaders should check material privacy assumptions against current
primary and specialist sources.

Intellectual-property risk. Generative AI can raise questions about ownership, training data, copyright,
licensing, infringement, and use of generated outputs. The legal position varies and is still developing in
many places. Businesses should avoid broad claims and seek advice for material use.

Accuracy and hallucination risk. AI can invent legal citations, misread obligations, omit exceptions, or
summarise incorrectly. Any legal or compliance output should be verified against source material.

Bias and fairness risk. AI systems can reproduce or amplify unfair patterns, especially when used in
employment, lending, insurance, customer eligibility, pricing, or complaints handling.

Regulatory risk. AI may be subject to sector rules, privacy law, consumer protection, employment law,
financial regulation, product safety requirements, or AI-specific regulation depending on the use case and
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location.

Accountability risk. If no one owns the output, no one owns the consequence. Every AI-supported legal
or compliance workflow needs an accountable human owner.

Common mistakes in legal and compliance AI

Several mistakes appear predictable.

Mistake 1: Letting employees decide tool safety for themselves.

Most employees cannot assess vendor data terms, confidentiality risks, privilege issues, or regulatory
exposure on their own. The business must provide approved tools and clear rules.

Mistake 2: Treating AI summaries as legal advice.

A summary can be useful, but it is not a substitute for professional judgement. This is especially true when
the issue is novel, high-value, disputed, regulated, or jurisdiction-specific.

Mistake 3: Starting with the most sensitive documents.

Litigation files, employee investigations, mergers and acquisitions, trade secrets, and regulated customer
decisions are rarely good first pilots. Start with controlled, lower-risk support tasks.

Mistake 4: Ignoring audit trails.

If AI supports a compliance process, the business should know what document was used, what output was
produced, who reviewed it, what decision was made, and when.

Mistake 5: Assuming vendor assurance equals compliance.

A vendor may describe its tool as secure, compliant, enterprise-ready, or privacy-friendly. The organisation
still needs to assess the actual use case, data, configuration, contractual terms, access controls, and
obligations.

Mistake 6: Blocking everything until the law is perfect.

Regulation and case law will continue to develop. Waiting for complete certainty may leave the business
with unmanaged shadow AI. The better response is controlled experimentation within clear boundaries.

Metrics that matter

Legal, compliance, and risk AI should not be measured only by time saved. Useful measures may include:

● reduction in routine legal or compliance queries;

● faster contract first-pass review;

● improved consistency of clause identification;

● fewer missed obligations or renewal dates;

● percentage of AI outputs with source references;

● human review completion rates;

● number of escalations from AI-assisted workflows;

● reduction in policy-search time;

● employee understanding of acceptable AI use;

● number and severity of AI-related incidents;
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● compliance with approved-tool rules;

● quality of audit trails;

● legal or specialist review outcomes for high-risk use cases.

The best measure is not whether AI produces more legal-looking words. It is whether the organisation
makes better-controlled decisions with less administrative drag and fewer unmanaged risks.

Questions for leaders, legal, and compliance teams

Leaders do not need to turn every manager into a lawyer. They do need to create a system where AI use is
bounded and accountable. Useful questions include:

● What types of information are employees prohibited from entering into unapproved AI tools?

● Which AI tools are approved for which data and use cases?

● Which legal or compliance tasks are suitable for low-risk drafting or summarisation support?

● Which tasks require approved tools, access controls, source references, and human review?

● Which uses require legal, privacy, security, or compliance approval before any pilot?

● Where could AI affect individuals, rights, obligations, eligibility, employment, or customer outcomes?

● How will we preserve confidentiality and, where relevant, privilege?

● How will outputs be checked against source documents?

● Who owns the final decision in each workflow?

● What audit trail is required?

● How will employees report unsafe or accidental AI use?

● What should be included in the AI acceptable-use policy?

These questions turn legal and compliance from a late-stage blocker into a design partner.

Reader action: draw a legal-use boundary map

Take one proposed legal, compliance, or risk use case and place it into one of four zones: allowed support,
controlled professional support, restricted high-risk use, or prohibited/not-yet-approved use. Name the
owner, review requirement, data boundary, and escalation route. If the zone is unclear, the use case is not
ready for rollout.

The decision unlocked by this chapter

The decision is to define boundaries before legal, compliance, and risk teams become overwhelmed by
uncontrolled AI use.

AI can help these functions work faster and more consistently. It can support contract review, policy
access, obligation tracking, incident preparation, and training. But it must be used with discipline. The
organisation needs approved tools, data rules, source checking, human review, audit trails, and clear
accountability.

This chapter is not legal advice. Legal, regulatory, privacy, privilege, and intellectual-property wording
should be verified against current primary and specialist sources before any business applies it in a
specific jurisdiction or sector. The management principle is still clear: the business should not confuse AI
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assistance with legal authority.

Controlled use does not kill innovation. It enables it. When employees know what is allowed, what is
restricted, and where to get approval, they can experiment more safely. When legal and compliance teams
help design the boundaries, they reduce shadow AI and make responsible adoption possible.

That bridge matters because the next chapter turns from control to creation: product, innovation, and
research and development. Once a business understands how to use AI within sensible boundaries, it can
ask a more ambitious question — how might AI help us build new value for customers?
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Chapter 13 — Product, Innovation, and R&D:
Building New Value with AI
A product team is preparing for its quarterly roadmap meeting. The sales team has a list of customer
requests. Support has a spreadsheet of complaints. Marketing has notes from lost deals. Engineering has
technical debt. The chief executive wants “something AI-enabled” in the product story before competitors
get there first.

Everyone agrees that innovation matters. No one agrees on what should be built.

One manager suggests adding a chatbot to the product. Another wants to use AI to generate new feature
ideas. A third argues that the real opportunity is not a visible AI feature at all, but faster research, faster
prototyping, and better testing behind the scenes. A cautious colleague asks about intellectual property,
customer data, bias, reliability, and whether any of this solves a problem customers will pay for.[21][22][23]

This is the right tension.

AI can help businesses create new value. It can support research, analyse customer feedback, generate
concepts, accelerate prototyping, assist design and engineering, improve testing, personalise product
experiences, and reveal patterns that were previously too slow or expensive to see. But AI does not
remove the hard work of innovation. It does not replace customer insight, product strategy, commercial
judgement, technical feasibility, or disciplined experimentation.

The danger is novelty without value: an AI feature that looks impressive in a demo but does not solve a real
problem. The opportunity is more practical and more powerful: using AI to learn faster, test more options,
reduce avoidable work, and build products and services that are more useful to customers.

The responsible question is not, “How do we put AI into our product?” The better question is, “Where can
AI help us understand, create, test, deliver, or improve value for customers?”

This chapter gives leaders a way to answer that question without confusing innovation with theatre.

Why AI changes the innovation conversation

Innovation has always involved uncertainty. Customers may not know what they want until they see it.
Competitors may move unexpectedly. Technologies may mature unevenly. A concept that looks strong in a
workshop may fail in the market. A small operational improvement may create more value than a flashy
new product.[13][14]
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AI Innovation Canvas
AI innovation should link customer problem, data, model role, user experience, risk con…

success evidence, and operating ownership.

Problem

Define clearly

Users

Define clearly

Data

Define clearly

AI role

Define clearly

Controls

Define clearly

Evidence

Define clearly

Owner

Define clearly

Next decision

Define clearly

Figure 13.1

AI changes the innovation conversation because it can reduce some forms of friction in the work of
discovery and creation.

It can process large volumes of customer comments, support tickets, reviews, call notes, survey
responses, research papers, technical documents, and market material. It can help teams find themes,
contradictions, unmet needs, and emerging questions. It can generate alternative concepts, user stories,
test scripts, draft specifications, design variants, and prototype content. It can support simulation,
prediction, and personalisation in some product environments. It can help research and development
teams explore more options before committing expensive resources.[13][14]

That matters because many organisations do not lack ideas. They lack disciplined ways to connect ideas
to evidence, customer value, technical feasibility, risk, and commercial outcomes.

AI can increase the number of options a team can consider. But more options are not automatically better.
A business can drown in plausible ideas. The leadership task is to use AI to improve the quality of learning,
not merely the quantity of suggestions.[13][14]

A useful innovation system asks five questions:

● What customer problem are we trying to understand or solve?

● What evidence do we have that the problem matters?

● Where could AI improve discovery, design, testing, delivery, or product experience?

● What risks would this create for customers, the business, and partners?

● What experiment would help us learn before we over-invest?

This keeps AI attached to business value. It also prevents the product conversation from becoming a
contest of demos.



The AI Pivot — reader PDF 78

Five opportunity areas in product, innovation, and R&D

AI can support innovation in several places. The best starting point depends on the organisation’s product
type, data, customers, regulation, technical capability, and appetite for risk.[13][14]

1. Customer insight and problem discovery

Many businesses already hold more customer insight than they use. It sits in customer-service tickets,
sales calls, implementation notes, renewal discussions, online reviews, account plans, product analytics,
complaints, win-loss reports, community forums, and research interviews. The problem is that this material
is scattered, inconsistent, and time-consuming to analyse.

AI can help product teams organise and interrogate this material. It can cluster recurring complaints,
summarise customer language, identify common workarounds, compare feedback across segments, and
surface questions for deeper research.[2][17][18]

For example, a software company might analyse support tickets and account-manager notes to understand
why customers struggle during onboarding. AI may reveal that users are not simply confused by the
interface. They may be missing internal approval steps, lacking clean data, or misunderstanding which
settings apply to their industry. That insight could lead to a better onboarding workflow, clearer
documentation, new templates, or a product feature that reduces setup errors.[1][3][4]

The risk is mistaking text patterns for truth. Customer data is often biased by who complains, who is
easiest to hear, which channels are captured, and how staff record issues. AI may overemphasise frequent
comments while missing high-value problems from quieter customers. Product teams should use
AI-generated themes as prompts for investigation, not as final customer research.[2][17][18]

2. Ideation and concept generation

AI can generate many product ideas quickly. It can propose feature options, service packages, customer
journeys, pricing concepts, onboarding flows, training products, or product names. It can help a team
explore alternatives from different customer perspectives: the first-time buyer, the expert user, the budget
holder, the compliance reviewer, the field technician, the customer-service agent.[14][15]

Used well, this can improve creativity. AI can help teams avoid the first obvious answer. It can produce
variations that challenge internal assumptions. It can translate a vague idea into a sharper concept that can
be discussed, criticised, and tested.

But ideation is also where AI can create false momentum. A list of twenty plausible ideas may feel like
progress. It may only be content. Innovation does not happen because a team has more suggestions; it
happens when the team chooses which problem is worth solving and learns whether the solution works.

A practical rule is to use AI for divergence before human convergence. Let AI help expand the option set.
Then use human judgement, customer evidence, strategy, feasibility, and risk assessment to narrow the
choices.

3. Prototyping and design support

AI can reduce the time required to create early prototypes. Depending on the product and tools involved, it
may help draft interface copy, generate sample workflows, prepare clickable mock-up descriptions, create
test data, write basic code examples, produce product requirement drafts, or generate alternative designs
for review.

For non-technical leaders, the key point is not that AI makes finished products instantly. It is that AI can
make early learning cheaper. Teams can show customers a concept sooner. They can test language,
flows, assumptions, and trade-offs before committing to full development.[13][14]
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A professional-services firm might prototype an AI-assisted client-reporting dashboard. A manufacturer
might simulate different maintenance-alert explanations for technicians. A training company might draft
several versions of a personalised learning path. A retailer might test how customers respond to
product-recommendation explanations.[13][14][15]

The risk is prototype illusion. A polished mock-up can make an idea seem more mature than it is. A
generative tool can create a convincing interface that has no working data, no integration, no security
model, no support process, and no commercial case. Leaders should ask: what has the prototype actually
proven? Did it prove customer interest, usability, technical feasibility, data availability, or only that the team
can produce an attractive demo?[9][10][11][12]

4. Research acceleration and knowledge synthesis

Research and development teams often work with large bodies of technical, scientific, market, patent,
regulatory, standards, or competitor material. AI can help summarise documents, compare approaches,
extract assumptions, map known constraints, and prepare briefing notes for specialists.[2][17][18][13][14]

This can be valuable in product categories where teams must understand complex evidence before making
decisions. It can support literature review, regulatory scanning, technical comparison, test planning, and
knowledge management.

However, research support requires care. AI summaries can omit important caveats, misrepresent
findings, invent citations, or blur the line between established evidence and speculation. In technical,
scientific, legal, medical, or regulated contexts, outputs must be checked against primary sources by
qualified people. AI can help organise reading; it should not become the authority.

The safest starting point is often internal knowledge retrieval from approved documents: previous research,
test reports, design decisions, customer studies, engineering notes, lessons learned, and product
documentation. This can reduce repeated work and prevent teams from rediscovering what the
organisation already knows.[19]

5. AI-enabled product and service experiences

The most visible innovation opportunity is using AI inside the product or service itself. This might include
personalisation, recommendations, conversational support, predictive alerts, intelligent search, document
generation, image recognition, anomaly detection, automated classification, decision support, or adaptive
user experiences.[2][17][18]

A logistics product might predict delivery exceptions and suggest interventions. An insurance service might
help customers understand what information is needed for a claim. A business software platform might
answer questions from the customer’s own data. A healthcare administration tool might help staff triage
paperwork, with strict clinical and privacy boundaries. A field-service product might recommend likely
causes of equipment issues based on symptoms and maintenance history.[6][7][8]

These opportunities can create real differentiation. They can also raise higher stakes. Once AI becomes
part of the customer experience, the business must manage accuracy, reliability, fairness, explainability,
data protection, user expectations, safety, support, and accountability. A private internal assistant is one
risk profile. A customer-facing feature that influences decisions is another.[6][7][8][1][3][4]

Leaders should not ask only whether the feature is technically possible. They should ask whether the
business can operate it responsibly.

The AI Innovation Canvas

The AI Innovation Canvas is a practical tool for evaluating whether an AI-related product or innovation idea
deserves further exploration. It should fit on one or two pages. Its purpose is to slow the team down just
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enough to avoid expensive enthusiasm.

1. Customer problem

Define the problem in plain English. Who has the problem? How often does it occur? What does it cost the
customer in time, money, risk, frustration, quality, or missed opportunity? What evidence do we have?

If the problem cannot be described without mentioning AI, the team may be starting with technology rather
than need.

2. Customer segment and context

Identify the customer group, user role, buying decision, operating environment, and constraints. A feature
that helps a large enterprise customer may be too complex for a small business. A tool that works for
expert users may confuse occasional users. A recommendation that is acceptable in retail may be
inappropriate in healthcare, finance, employment, or education.[14][15]

3. AI role in the solution

State what AI would actually do. Would it classify, predict, generate, summarise, search, recommend,
detect anomalies, personalise content, or assist a workflow? Be specific. “Use AI to improve the product” is
not a design.

Also state whether AI is visible to the customer or used behind the scenes. Invisible AI may still carry risk,
but the customer-experience and trust questions differ.

4. Value proposition

Explain why the AI-assisted solution is better than the current alternative. Does it save time? Reduce
errors? Improve confidence? Increase personalisation? Reveal risks earlier? Make expert knowledge more
accessible? Improve service quality? Enable a new business model?

Avoid vague claims such as “smarter,” “next-generation,” or “AI-powered.” Customers rarely buy AI as a
noun. They buy a better outcome.

5. Data and knowledge required

List the data, documents, examples, rules, user inputs, product telemetry, or expert knowledge needed.
Who owns it? Is it available? Is it reliable enough? Can it be used lawfully and ethically? Does it contain
personal, confidential, sensitive, regulated, or third-party information?

Many AI product ideas fail here. The concept is attractive, but the data is incomplete, inaccessible, poorly
labelled, contractually restricted, or too sensitive for the proposed design.

6. Human oversight and user control

Define where humans review, approve, override, or appeal the AI output. In low-risk features, this may be
simple editing or confirmation. In higher-risk settings, it may require formal review, audit trails, escalation,
and clear accountability.

Customer-facing AI should also make user control clear. Can users see sources? Can they correct inputs?
Can they reject recommendations? Do they know when they are interacting with AI? Can they get human
help?

7. Risk and trust considerations

Identify the main risks: inaccurate output, hallucination, bias, privacy exposure, security weakness, harmful
recommendations, intellectual-property uncertainty, customer over-reliance, product liability, regulatory
obligations, brand damage, and support burden.
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The aim is not to produce a legal thesis. It is to make risk visible early enough to influence design.

8. Experiment design

Define the smallest responsible test. What assumption must be tested first? Customer desirability? Data
availability? Model performance? Workflow fit? Willingness to pay? Support impact? Risk controls?

A good experiment produces a decision: continue, change direction, pause, or stop.

9. Success metrics

Choose metrics that match the purpose. Possible measures include task completion, time to insight,
adoption, user satisfaction, error reduction, reduction in support contacts, conversion, retention, quality,
safety incidents, escalation rates, and learning value.

For early experiments, the most important metric may be whether the team learned enough to make a
better investment decision.

10. Ownership and next decision

Name the product owner, technical owner, risk owner, data owner, and decision-maker. Set the next
decision gate. Innovation loses discipline when no one owns the move from idea to evidence.

Example: from customer feedback to product improvement

A business-to-business software company receives repeated complaints about implementation time. Sales
hears that prospects are worried about complexity. Customer success says clients often ask the same
setup questions. Product analytics show that many users abandon configuration halfway through.

The company could respond by adding an AI chatbot to the product and announcing an “AI onboarding
assistant.” That might help. It might also ignore the deeper issue.

Using the AI Innovation Canvas, the team starts with the customer problem: new customers struggle to
configure the product correctly because they do not know which settings apply to their business process.
The cost is slower time to value, more support tickets, delayed renewals, and lower confidence.

AI is then used in two ways. First, internally, the team analyses support tickets, implementation notes, and
customer interviews to identify the most common configuration problems. Second, the team prototypes an
assistant that asks customers a structured set of questions, retrieves relevant guidance from approved
documentation, and suggests a draft configuration checklist.

The prototype is not released broadly. It is tested with a small group of customers and implementation
consultants. The team measures whether users complete setup faster, whether the suggestions are
accurate, where human support is still needed, and which questions create confusion.

The outcome may be an AI assistant. It may also be a redesigned onboarding flow, clearer templates,
improved defaults, better training, or a professional-services package. The point is not to force AI into the
product. The point is to use AI to learn what would create customer value.

Example: R&D knowledge assistant without research shortcuts

A manufacturing company has years of test reports, supplier specifications, engineering change notes,
field-failure reports, and maintenance records. Engineers suspect that valuable lessons are buried in old
documents, but finding them takes too long. New product teams sometimes repeat mistakes because prior
learning is hard to retrieve.

An AI knowledge assistant could help. It can search approved internal documents, summarise relevant test
findings, identify previous design constraints, and point engineers to source files. This may shorten early
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research and reduce repeated work.

The controls matter. The assistant should show sources. It should distinguish between test evidence,
engineering judgement, customer complaint, and supplier claim. It should not invent conclusions when
documents are incomplete. Engineers should verify material findings before using them in design
decisions. Sensitive supplier, safety, or proprietary information should be handled under approved access
rules.

The success measure is not how many answers the assistant produces. It is whether engineers find
relevant evidence faster, avoid known failure modes, improve design reviews, and make better-informed
decisions.

Example: customer-facing AI feature with trust built in

A financial-planning platform considers adding an AI feature that explains account information in plain
English. Customers could ask, “Why did my projected cash flow change?” or “What expenses are driving
this month’s variance?”

The feature sounds useful, but the risk profile is higher than a generic help chatbot. Customers may rely on
the answer when making decisions. The system may process sensitive financial information. The
explanation must distinguish between factual account data, projections, and general guidance. Depending
on jurisdiction and product scope, regulatory requirements may apply.

A responsible design starts with boundaries. The assistant can explain data shown in the platform, retrieve
definitions from approved help content, and highlight factors that changed the projection. It cannot provide
personalised financial advice unless the business has designed, approved, and regulated that service
appropriately. It shows source figures. It uses cautious wording. It escalates uncertain or high-stakes
questions. It is tested for accuracy, bias, security, and user comprehension before release.

This is where product innovation and governance meet. Trust is not added at the end. It is part of the
feature.

The main risks in AI innovation

Product and innovation teams should understand several recurring risks.

Novelty without customer value. The team builds an AI feature because it is fashionable, not because it
solves a meaningful problem. Customers may try it once and ignore it.

Prototype illusion. AI makes demos easy to produce, which can create false confidence. A prototype may
show an interface but not prove data readiness, reliability, integration, compliance, cost, or willingness to
pay.

Poor-quality or restricted data. The idea depends on data the business does not have, cannot use,
cannot trust, or cannot lawfully process for the intended purpose.

Intellectual-property uncertainty. AI may raise questions about training data, generated outputs,
third-party content, licensing, ownership, and use of confidential materials. For material
intellectual-property or regulatory decisions, leaders should seek current specialist advice.

Accuracy and reliability risk. AI-enabled product features may produce incorrect, incomplete, or
misleading outputs. This matters especially where users rely on the output for decisions.

Bias and exclusion. Personalisation, recommendation, classification, and decision-support systems can
treat customers or users unevenly if data, design, and monitoring are weak.
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Customer over-reliance. Users may assume the AI is more capable or authoritative than it is. Product
design should make limits clear and preserve escalation paths.

Support and operating burden. An AI feature is not finished when it launches. It needs monitoring, issue
handling, model or prompt updates, customer education, security review, and governance.

Strategic distraction. Teams may spend energy on visible AI features while ignoring more valuable
improvements in reliability, onboarding, service, pricing, or workflow.

Common mistakes in product and R&D AI

Several mistakes are predictable.

Mistake 1: Starting with “What can AI do?” instead of “What does the customer need?”

This produces features that are easy to market but hard to justify. Start with the customer problem, then
decide whether AI is the right mechanism.

Mistake 2: Treating AI-generated ideas as validated strategy.

AI can generate options. It cannot tell you which option customers will adopt, pay for, trust, or recommend
without evidence.

Mistake 3: Ignoring the data supply chain.

Every AI product idea depends on data, documents, rules, examples, or user inputs. If that supply chain is
weak, the feature will be weak.

Mistake 4: Letting the demo set the roadmap.

A compelling demo can win internal excitement before the team has assessed risk, cost, integration, and
support. Demos should open questions, not close them.

Mistake 5: Leaving risk review until launch.

Privacy, security, legal, fairness, and customer-trust questions should shape design from the beginning.
Late review creates rework and conflict.

Mistake 6: Forgetting the non-AI alternative.

Sometimes the best product improvement is a simpler workflow, clearer language, better defaults,
improved training, or cleaner data. AI should compete with those options, not automatically outrank them.

Metrics that matter

AI innovation should be measured by learning and value, not by the number of AI features announced.
Useful metrics may include:

● number of validated customer problems identified;

● speed from idea to tested prototype;

● customer task-completion improvement;

● reduction in onboarding friction;

● user adoption and repeat usage;

● customer satisfaction or confidence;

● reduction in support contacts for targeted issues;

● accuracy and escalation rates for AI-assisted features;
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● time saved in research or design work;

● reuse of internal research and lessons learned;

● conversion, retention, or expansion where causally supported;

● risk incidents, complaints, or trust concerns;

● percentage of AI outputs reviewed where required;

● decisions made from experiments: proceed, pivot, pause, or stop.

At early stages, learning velocity matters. At later stages, customer value and operating reliability matter
more.

Questions for leaders and product teams

Leaders do not need to design the model architecture. They do need to ask better product questions:

● What customer problem are we solving?

● What evidence shows the problem is important?

● Is AI essential to the solution, or merely attractive in the story?

● What role will AI play: search, summary, generation, prediction, recommendation, detection, or workflow
assistance?

● Will the AI be internal, customer-facing, or embedded in a decision process?

● What data or knowledge is required, and can we use it responsibly?

● What could go wrong for the customer if the output is wrong?

● Where is human review, override, or escalation needed?

● How will users understand the limits of the feature?

● What non-AI alternative should we compare against?

● What is the smallest responsible experiment?

● What decision will we make after the experiment?

● Who owns the product outcome, technical performance, data, risk, and customer communication?

These questions keep innovation practical. They also help the business avoid both extremes: rejecting AI
because it is risky, or adopting it because it is fashionable.

Reader action: complete the AI Innovation Canvas

Choose one product, service, or R&D idea. Define the customer problem, AI role, value proposition, data or
knowledge required, human oversight, trust risks, experiment design, success metrics, and next decision.
The aim is to test whether the idea creates real customer value, not whether the technology is interesting.

The decision unlocked by this chapter

The decision is to treat AI as a way to build and test customer value, not as a decorative label for the
roadmap.

AI can help product, innovation, and R&D teams understand customers, generate concepts, prototype
faster, retrieve internal knowledge, accelerate research, and create new product experiences. But it must
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be connected to real problems, usable data, customer trust, commercial strategy, and responsible
governance.

Innovation leaders should avoid relying on unsourced claims about specific company results, market size,
or guaranteed gains. Technical, legal, intellectual-property, privacy, and sector-specific assumptions
should be checked with current primary or specialist sources before major decisions. The core
management principle is durable: innovation improves when the organisation learns faster and makes
better decisions about what to build.

This closes Part II. The book has now mapped opportunities across major business functions: sales,
service, operations, finance, people, legal, and product. Opportunity, however, is not readiness. A business
may identify excellent AI ideas and still fail if its data is poor, its processes are broken, its people are
unprepared, or its governance is unclear.

That is the bridge to Part III. The next question is not, “Where could AI help?” It is, “Are we ready to use it
well?”
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Part III — Getting Ready



The AI Pivot — reader PDF 87

Chapter 14 — Data Readiness: The Fuel, the
Friction, and the Foundation
A leadership team has chosen its first serious AI use case. The opportunity looks sensible: an assistant
that helps account managers prepare for customer renewal conversations. The business has
customer-relationship management notes, support tickets, contract records, product usage data, invoices,
renewal dates, and previous proposal documents. On paper, the company has plenty of data.[1][3][9][11]

Then the project team begins looking closer.

Some account notes are rich and current. Others are one-line reminders from two years ago. Customer
names are spelled differently across systems. Contract information sits in shared folders with inconsistent
file names. Support tickets are detailed, but the issue categories have changed three times. Product usage
data exists, but only for customers on the newer platform. Pricing exceptions live in spreadsheets
controlled by different regional teams. No one is fully sure which documents can be used to train or
configure the assistant. Legal asks whether customer data will be sent to a third-party tool. IT asks who
needs access. Sales asks why the project is slowing down.[1][3][9][11]

This is the moment when many AI initiatives discover the real work.

The problem is not that the business has no data. The problem is that the data was never organised for this
kind of use. It was collected for transactions, reports, compliance, service, billing, operations, and individual
team needs. AI now asks the organisation to use that data across boundaries, at speed, and often in new
ways. That exposes gaps in quality, ownership, access, meaning, security, and trust.[9][10][11][12][1][3]

Data readiness is not a technical detail to be delegated after the strategy is written. It is one of the main
determinants of what AI can safely and usefully do. Good data does not guarantee success, but poor data
can quietly undermine almost every AI ambition.[1][4][6][7]

This chapter explains data readiness in plain business terms. It gives leaders a practical checklist for
assessing whether the organisation has the data foundation required for responsible AI
adoption.[13][14][1][4][6][7]

Why data readiness matters

AI systems depend on data, documents, examples, rules, prompts, feedback, and context. A forecasting
model needs historical patterns. A customer-service assistant needs accurate knowledge articles. A
contract-review support tool needs reliable contracts and clause libraries. A sales assistant needs current
customer and product information. A recruitment support workflow may involve personal data and fairness
considerations. A product recommendation system needs customer, product, transaction, and behavioural
data that can be used appropriately.[6][7][8][2][17][18]
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Data Fitness Checklist
Data fitness is about purpose, quality, access, ownership, permissions, freshness, and …

not perfect data everywhere.

Purpose

Evidence required

Quality

Evidence required

Access

Evidence required

Ownership

Evidence required

Permission

Evidence required

Freshness

Evidence required

Feedback

Evidence required

Monitoring

Evidence required

Figure 14.1

The phrase “data is the fuel” is common, but it is incomplete. Fuel must be clean, available, suitable for the
engine, handled safely, and used for the right journey. Pouring more fuel into the wrong engine does not
make the vehicle better.

For AI, data creates value only when it is fit for the use case. Fit means several things:

● the data exists;

● it is accurate enough for the decision or workflow;

● it is complete enough to be useful;

● it is current enough for the task;

● people understand what it means;

● the business has the right to use it;

● it can be accessed securely;

● it can be connected to the workflow;

● someone owns its quality;

● risk and retention rules are clear.[6][7][8]

A business can have millions of records and still not be ready. It can also have a modest amount of
well-managed data and be ready for a narrow, valuable pilot. The question is not “Do we have big data?”
The question is “Do we have the right data, at the right quality, under the right controls, for this use
case?”[1][3][4]

This is why data readiness belongs near the beginning of AI adoption. It prevents leaders from selecting
attractive use cases that cannot be executed responsibly. It also helps teams identify practical preparation
work before they spend money on tools, consultants, or licences.[13][14][1][4][6][7]
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The five data problems AI exposes

Most data-readiness issues are not new. AI simply makes them harder to ignore. Five problems appear
again and again.

1. Data quality is uneven

Business data is often good enough for its original purpose but weak for AI-enabled use. A sales note may
be useful to the salesperson who wrote it, but too vague for a model that needs to infer customer intent. A
product defect code may work for a monthly report, but not for predictive maintenance. A finance category
may support accounting, but not supplier-risk analysis. A human can often compensate for ambiguity. AI
systems may amplify it.[1][3][9][11]

Quality includes accuracy, completeness, consistency, timeliness, and relevance. If product codes are
duplicated, customer records are out of date, fields are missing, or definitions vary by department, AI
outputs may become unreliable. The system may still produce a confident answer. That is the
danger.[2][20]

Leaders should avoid two extremes. The first is believing that all data must be perfect before any AI work
begins. That standard will stop progress. The second is believing that modern AI can overcome poor inputs
automatically. That belief creates false confidence. The practical position is to match data quality to the risk
and purpose of the use case.[1][4][6][7]

A low-risk internal drafting assistant may tolerate some imperfections if humans review outputs. A pricing
recommendation, compliance alert, credit decision, safety workflow, or customer-facing explanation
requires much stronger data discipline.

2. Data ownership is unclear

Many AI projects stall because no one can answer a basic question: who owns this data?

Ownership does not always mean legal ownership. It means business accountability. Who defines the
field? Who approves access? Who maintains quality? Who decides whether the data can be used for a
new purpose? Who fixes errors? Who explains what the data means?[1][3][4][21][22][23]

Without ownership, data problems become circular. IT says the business owns the meaning. The business
says IT owns the system. Legal asks for a data-use assessment. Compliance asks for evidence. The
project team waits.[21][22][23]

AI adoption needs named data owners, data stewards, and decision rights. This does not require a heavy
bureaucracy for every small use case, but it does require clarity. If customer data will support a sales
assistant, customer leadership, IT, legal, security, and data governance may all have a role. If employee
data will support workforce planning, HR ownership and privacy review become central.[6][7][8][9][10][11]

The more important the AI use case, the less acceptable vague ownership becomes.[21][22][23]

3. Data is trapped in silos

AI often becomes valuable when it connects information that previously lived apart. A customer-retention
model may need support tickets, product usage, invoice history, renewal timing, account notes, and
customer segment data. An operations-planning assistant may need orders, inventory, supplier lead times,
production capacity, transport schedules, and quality records. A legal knowledge assistant may need
contracts, policies, regulatory guidance, and matter files.[6][7][8][1][3][9]

The business may have all of this information. It may not be able to connect it.

Silos are not only technical. They are organisational. Departments may use different definitions. Systems
may not integrate. Access may depend on informal relationships. Teams may protect data because they
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fear misuse, blame, or loss of control. Historical mergers, regional differences, and legacy systems may
make the problem worse.[1][3][4]

AI does not remove these barriers. It can make them more visible. Leaders should treat integration as a
business-design issue, not only a systems project. If the use case requires data from five teams, those
teams need shared objectives, definitions, rules, and governance.

4. Data rights and permissions are not settled

Just because data exists does not mean the business can use it in any way it wants.

Data may contain personal information, confidential customer material, employee records, third-party
content, intellectual property, regulated information, supplier data, or contractual restrictions.[6][7][21]
Different jurisdictions and sectors may impose different obligations. Privacy, employment, financial, health,
education, and consumer contexts may require particular care. Leaders should check legal assumptions
against current primary and specialist sources before acting.

For business leaders, the practical point is simple: AI use can change the risk profile of data. A file that was
safe inside a controlled internal system may create new exposure if uploaded into an external tool, used to
configure a model, included in prompts, retained by a vendor, or made accessible to a wider user group. A
document that was suitable for one purpose may not be suitable for another.

This does not mean businesses should freeze. It means they need a data-use review appropriate to the
use case. The review should ask what data is involved, who is affected, what the purpose is, where the
data goes, who can access it, how long it is retained, what vendor terms apply, what outputs may reveal,
and what human oversight is required.

5. Data meaning is not shared

AI systems can process language and patterns, but they do not automatically understand the business
meaning behind messy organisational data.

Consider a field called “customer status.” In one team, “active” may mean the customer has a current
contract. In another, it may mean the customer used the product in the last month. In finance, it may mean
invoices are being paid. In sales, it may mean the account manager believes renewal is likely. The same
label can carry different meanings.

If humans disagree silently about definitions, AI systems can produce outputs that look precise but rest on
confusion.

Data readiness therefore includes shared language. What is a lead? What is a qualified opportunity? What
counts as churn? What is a defect? What is a complaint? What is a high-risk supplier? What is a completed
case? What is a resolved ticket? What is a policy exception?

These questions may sound administrative. They are strategic. AI adoption depends on making business
meaning explicit enough that systems and people can work together.

The Data Fitness Checklist

The Data Fitness Checklist is a practical tool for leaders and project teams. It should be used before
selecting a pilot and again during pilot design. The aim is not to produce a perfect data estate. The aim is to
judge whether the data is fit for a specific AI use case.

Use the checklist for each proposed use case, not once for the whole company.

1. Purpose: what decision or workflow will the data support?
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Start with the business purpose. Will the data support a summary, prediction, classification,
recommendation, generated draft, search result, alert, or automated action? Will the output be internal or
customer-facing? Will it influence a high-stakes decision?

Data quality requirements depend on purpose. A brainstorming assistant and a compliance-monitoring tool
should not be held to the same standard. Be specific about what the AI system will do and what humans
will do with the output.

2. Availability: do we have the required data?

List the data, documents, rules, examples, knowledge bases, logs, and feedback required. Identify where
they sit and in what format. Do not assume that “we have customer data” is enough. Which customer data?
From which system? Over what period? For which segments? With which fields?

If the data does not exist, the project may require data creation before AI work. That is not failure. It is
useful discovery.

3. Quality: is the data accurate, complete, current, and consistent enough?

Assess the data against the use case. How many records are missing important fields? Are categories
used consistently? Are duplicates common? How current is the information? Are there known errors? Has
the data been maintained, or is it a historical dumping ground?

Quality does not need to be perfect, but known weaknesses should be documented. The team should
decide whether the weakness can be accepted, cleaned, worked around, or whether it makes the use case
unsuitable for now.

4. Meaning: do people agree what the data represents?

Check definitions. If different teams interpret the same field differently, document the difference. Create a
simple data dictionary for the use case. Define key terms in plain English.

This work can feel slow, but it prevents expensive misunderstanding. AI systems are not helped by labels
that humans themselves cannot explain.

5. Ownership: who is accountable for the data?

Name the business owner and technical owner. Identify who approves access, who maintains quality, who
handles corrections, and who can answer questions about meaning. If no owner exists, assign one before
the pilot depends on the data.

Ownership is especially important for ongoing AI workflows. A one-off analysis may tolerate manual
preparation. A scaled system needs sustained accountability.

6. Access: can the right people and systems use the data safely?

Determine whether the data can be accessed by the AI tool, project team, and end users under approved
controls. Consider role-based access, identity management, audit trails, encryption, secure environments,
and restrictions on export or copying.

Access should be sufficient but not careless. Giving everyone broad access because it is convenient
creates risk. Locking everything down without a route to approved use kills progress. The goal is governed
access.

7. Rights and compliance: can we use the data for this purpose?

Ask whether the data includes personal, sensitive, regulated, confidential, third-party, copyrighted, or
contractually restricted information. Check whether the intended use matches the basis on which the data
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was collected or obtained. Review vendor terms if data leaves internal systems or is processed by a
third-party provider.

This chapter is not legal advice. The leadership practice is to make the question visible early and involve
the right specialists before the project becomes hard to change.

8. Security: what could be exposed, inferred, or misused?

AI can create security concerns beyond ordinary storage. Prompts may include sensitive data. Outputs
may reveal information to users who should not see it. Retrieval systems may surface documents across
access boundaries. Model integrations may create new attack surfaces. Logs may retain material that
teams did not intend to store.

Security review should ask not only where the data sits, but how it flows through the AI-enabled workflow.

9. Integration: can the data reach the workflow where value is created?

A model that produces a useful answer in a lab may still fail operationally if it cannot connect to the
systems where people work. Consider whether the data must be refreshed, synchronised, extracted,
transformed, or linked to existing tools. Consider whether users need the output inside a
customer-relationship management system, service desk, finance platform, warehouse system, document
repository, or email workflow.

AI value often depends less on the model and more on whether the answer arrives at the right moment in
the process.

10. Monitoring: how will data quality and performance be reviewed over time?

Data changes. Customers change. Products change. Policies change. Categories change. Staff change
how they enter information. Systems are upgraded. New exceptions appear. This is why data readiness is
not a one-time assessment.

Define how the business will monitor quality, errors, user feedback, output accuracy, drift, access issues,
complaints, and incidents. Name who reviews the signals and what action they can take.

Example: customer service knowledge assistant

A mid-sized services company wants an AI assistant to help support agents answer customer questions.
The attractive version of the project is simple: connect the assistant to the knowledge base and let agents
ask questions.

The data-readiness review reveals a more complicated picture. The knowledge base has useful articles,
but many are outdated. Some policy pages contradict newer contract terms. Regional variations are stored
in local folders. Senior agents often rely on undocumented experience. Product updates are announced in
emails but not reflected in formal guidance. Access rules for enterprise customers differ from
small-business customers.

The company does not abandon the project. It narrows the pilot.

First, it selects one product line and one region. Second, it appoints a knowledge owner responsible for
approved source material. Third, it separates current articles from archived documents. Fourth, it requires
the assistant to show source links. Fifth, it instructs agents to use the assistant as decision support, not
final authority. Sixth, it tracks unanswered questions and incorrect answers as signals for knowledge-base
improvement.

The pilot therefore does two things. It tests whether AI can help agents answer faster and more
consistently. It also exposes where the company’s knowledge management is weak. Even if the assistant
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is not scaled immediately, the business learns something valuable: better AI requires better operational
knowledge.

Example: sales forecasting with messy pipeline data

A business wants to use AI to improve sales forecasting. The board is frustrated by missed forecasts, and
the sales team is tired of manual pipeline reviews.

The data appears abundant: opportunity stages, expected close dates, deal values, sales activities, call
notes, customer segments, previous win-loss results, and salesperson updates. But the data-readiness
review finds that sales stages are used inconsistently. Some account managers keep opportunities open to
protect their pipeline. Others close them early. Expected close dates are optimistic. Lost-deal reasons are
generic. Activity data varies depending on individual habits. Major renewal risks are discussed in meetings
but not captured in the system.

An AI forecasting tool could process this data. It could also learn the organisation’s bad habits.

The responsible approach is not to blame the tool or the sales team. It is to improve the process and data
together. The company defines what each pipeline stage means. It standardises loss reasons. It requires
key renewal risks to be captured in structured fields. It compares forecasts with actual outcomes. It trains
managers to treat the forecast as a learning system rather than a punishment system.

Only then does the AI forecast have a better chance of being useful. Data readiness is tied to behaviour. If
people enter data defensively, vaguely, or late, the model inherits that reality.

Example: finance document analysis with access boundaries

A finance team wants to use AI to analyse supplier invoices, contracts, purchase orders, and payment
history. The goal is to identify spend patterns, duplicate charges, pricing exceptions, and opportunities for
renegotiation.

The use case may be valuable, but the data is sensitive. Supplier contracts contain confidential terms.
Invoices include bank details and tax information. Some documents are stored by region. Access rights
differ between procurement, finance, legal, and business units. Older files may contain personal contact
information. Vendor tools may have different data-retention and training terms.

A sensible data-readiness review maps the data before selecting the tool. Which documents are needed?
Which fields matter? Which documents should be excluded? Can sensitive fields be redacted or restricted?
Who can see outputs? Will the tool process data inside the company’s controlled environment or
externally? Are audit logs available? How will errors be corrected?

The point is not to slow innovation for its own sake. It is to prevent a cost-saving project from becoming a
confidentiality, privacy, or supplier-trust problem.

Data readiness is not the same as data perfection

Leaders sometimes hear “data readiness” and imagine a multi-year data-cleaning programme before any
AI progress is allowed. That is not the message.

Some AI use cases can begin with narrow, imperfect, well-understood data. A team can pilot a knowledge
assistant on a small set of approved documents. A marketing team can analyse a limited sample of
customer feedback. An operations team can test anomaly detection on one production line. A finance team
can use AI to draft commentary from reviewed reports. A legal team can use AI to compare clauses in a
controlled document set.
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The right question is proportionality. How much data readiness is required for the risk, value, and scope of
the use case?

A useful pattern is to start narrow, clean enough, and controlled. Choose one process, one team, one data
set, one customer segment, or one document collection. Clean what matters for that test. Define the
boundaries. Measure the output. Learn what would be required to scale.

This approach avoids both paralysis and recklessness. It lets the business discover the true data work
before making larger commitments.

Common mistakes in data readiness

Several mistakes are common enough to predict.

Mistake 1: Assuming the data exists because the report exists.

A dashboard may show a metric, but the underlying data may not be suitable for AI use. It may be
aggregated, delayed, manually adjusted, poorly documented, or disconnected from the workflow.

Mistake 2: Treating data quality as an IT problem only.

IT may manage systems, but business teams create, define, use, and interpret much of the data. If sales
stages are unclear, service categories are inconsistent, or product definitions vary, the business must help
fix the problem.

Mistake 3: Uploading data before reviewing rights and risks.

Convenience is not governance. Teams should not paste confidential, personal, regulated, or commercially
sensitive data into tools without approved rules and vendor review.

Mistake 4: Cleaning everything instead of cleaning what matters.

A broad data-quality programme can become endless. AI readiness should be use-case-led. Clean the
data needed for the chosen workflow, then expand as value is proven.

Mistake 5: Ignoring unstructured knowledge.

Much organisational knowledge lives in documents, emails, call notes, manuals, policies, meeting records,
and expert memory. AI can make this material more useful, but only if source quality, access, and currency
are managed.

Mistake 6: Forgetting ongoing maintenance.

A data set may be clean on pilot day and degraded six months later. AI-enabled workflows need
monitoring, feedback, updates, and owners.

Questions leaders should ask

Leaders do not need to inspect every field or design every data pipeline. They do need to ask disciplined
questions:

● What data does this use case depend on?

● Where does that data live today?

● Who owns its meaning and quality?

● Is the data accurate, complete, current, and consistent enough for this purpose?

● What important data is missing?

● Does the data include personal, sensitive, regulated, confidential, or third-party information?
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● Are we allowed to use it for this purpose?

● Which vendor or system will process it, and under what terms?

● Who will have access to inputs, outputs, prompts, logs, and source documents?

● How will the AI output show its sources or confidence where appropriate?

● What happens when the data is wrong?

● How will users report errors?

● How will data quality be monitored after launch?

● What smaller pilot could test the use case with controlled data first?

These questions move data readiness from abstraction to decision-making.

Reader action: complete the Data Fitness Checklist

Choose one candidate AI use case and assess the data behind it: purpose, availability, quality, meaning,
ownership, access, rights, security, integration, and monitoring. Mark each item as ready, uncertain, or not
ready. The result should determine whether the next step is a pilot, a data clean-up, or a change in scope.

The decision unlocked by this chapter

The decision is to treat data as a managed business asset, not a background technical resource.

AI makes data discipline visible. It rewards organisations that know what data they have, what it means,
who owns it, who can use it, how reliable it is, and what risks come with it. It exposes organisations where
data is scattered, ambiguous, inaccessible, outdated, or unmanaged.

Legal, privacy, contractual, and regulatory points should be treated as issues requiring current specialist
review. The durable management principle is clear: AI readiness begins with data that is fit for purpose.

But data is only one foundation. A company can have clean, well-governed data and still fail if it applies AI
to a process that is confusing, wasteful, politically protected, or badly designed. That is why the next
chapter turns from data to work itself.

The next question is simple: before we automate or augment a process, should that process exist in its
current form at all?
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Chapter 15 — Process Redesign: Do Not
Automate a Broken Process
A company decides to use AI to speed up customer onboarding. The case looks strong. New customers
wait too long before they receive full access. Account managers chase missing information. Operations
teams re-key details into several systems. Finance waits for billing data. Compliance reviews documents
late in the process. Customers ask the same questions repeatedly because no one has a single view of
where their onboarding stands.

An AI assistant appears to offer a solution. It could summarise customer documents, draft welcome emails,
answer internal questions, flag missing information, and generate status updates. The vendor
demonstration is impressive. Leaders can imagine fewer delays, less administration, and a smoother
customer experience.[2][17][18][1][3][9]

Then the project team maps the actual onboarding process.

There is not one process. There are four versions, depending on region, product, contract size, and which
account manager won the deal. Some information is captured in the customer-relationship management
system. Some is buried in email. Some is gathered again because teams do not trust what was entered
earlier. Approval rules are informal. Exceptions are handled through personal relationships. Customers
receive different instructions from sales, operations, finance, and support. The same document may be
reviewed twice by different teams. The biggest delay is not the writing of emails. It is waiting for decisions
that no one owns.[1][3][4][9][11]

If the company adds AI to this process without redesigning the work, it may simply make confusion move
faster.

This is one of the most important lessons in AI adoption: do not automate a broken process. AI can
improve speed, quality, consistency, and decision support, but it cannot rescue a workflow that has no
clear purpose, owner, sequence, standard, or feedback loop. In some cases, AI makes the problem worse
by hiding poor design under a layer of impressive output.[13][14]

This chapter explains why process redesign must come before serious automation. It gives leaders a
practical worksheet for moving from today’s work to a better AI-assisted workflow.

Why process matters as much as technology

A business process is the path by which work gets done. It turns inputs into outputs. It moves information,
decisions, documents, approvals, actions, and responsibilities across people and systems. A process may
be formal, like payroll, claims handling, procurement approval, production scheduling, or customer support
triage. It may be informal, like preparing board papers, responding to sales leads, approving discounts,
resolving customer complaints, or coordinating product launches.[1][3][4][9][11]
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Before/After Process Redesign
Good AI implementation compares the current process, redesigned workflow, human role, c…

points, and intended outcome before tooling decisions.

Before

Current work, friction, hand-offs,
rework, and unclear controls.

After

Redesigned workflow, clear human role,
control points, and measurable

outcome.

Figure 15.1

AI does not operate in a vacuum. It enters these flows of work.

If the process is well understood, AI can be placed where it helps: summarising information, finding
relevant documents, classifying requests, drafting first versions, predicting likely outcomes, recommending
next steps, detecting anomalies, or routing work to the right person. Human judgement can then be placed
where it matters: reviewing exceptions, approving decisions, handling customers, interpreting trade-offs,
and taking accountability.[1][3][4]

If the process is poorly designed, AI has no stable place to sit. It may generate content for a step that
should be removed. It may summarise information that should never have been collected. It may
accelerate an approval that exists only because no one trusts the previous step. It may route cases based
on categories that teams use inconsistently. It may create dashboards for decisions that no one is
authorised to make.[1][3][4][2][17][18]

In ordinary process improvement, poor design causes delay, cost, errors, frustration, and inconsistent
service. In AI adoption, poor design also creates new risks: overconfident outputs, unclear accountability,
hidden bias, duplicated work, uncontrolled exceptions, and automation that people bypass because it does
not match reality.[1][3][4][13][14]

This is why process readiness is part of AI readiness. Before asking “Can AI do this task?” leaders should
ask “Should this task exist in this form?”

The automation trap

The automation trap is the belief that the current process is basically correct and only needs to be made
faster.

This belief is tempting because it avoids difficult conversations. Redesigning work may expose unclear
ownership, outdated controls, unnecessary approvals, poor data capture, weak incentives, and
departmental politics. Buying a tool feels simpler. A team can say it is modernising without challenging the
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underlying operating model.[1][3][4][21][22][23]

But AI rewards clarity. It works best when the business can define the purpose of the workflow, the inputs
required, the decisions involved, the acceptable outputs, the risk boundaries, and the role of human review.
If those things are vague, automation becomes guesswork.[1][3][4]

The automation trap often shows up in familiar phrases:

● “Let’s use AI to clear the backlog.”

● “Can we automate these approvals?”

● “Can the system answer all customer questions?”

● “Can AI write these reports for us?”

● “Can we remove the manual review step?”

● “Can we connect the tool to everything and let it learn?”

None of these questions is automatically wrong. The danger is asking them too early. A backlog may exist
because demand is unpredictable, rules are unclear, customers submit incomplete information, or the
wrong team receives the work. Approvals may exist because past errors caused distrust. Customer
questions may repeat because policies are confusing. Reports may be unread or duplicated. Manual
review may be the only point where risk is being controlled.

Automating the visible task without understanding the underlying reason can turn a bad process into a
faster bad process.

A better question is: “What outcome should this process produce, and what is the simplest, safest, most
reliable way to produce it?”

Start with the outcome, not the task

Process redesign begins with the outcome. A process exists to produce something useful: a resolved
customer issue, a paid supplier, an onboarded employee, a qualified sales opportunity, a safe shipment, a
compliant contract, a reliable forecast, a decision-ready report, or a completed repair.[14][15][1][3][9][11]

Many organisations lose sight of the outcome because teams focus on their own steps. Sales wants the
deal closed. Operations wants complete handover information. Finance wants correct billing data. Legal
wants risk reviewed. Support wants clear customer instructions. Each function may optimise its own part
while the end-to-end experience remains poor.

AI adoption makes this fragmentation visible. If each team introduces its own assistant, bot, or automated
workflow, the customer or employee may experience more inconsistency, not less. One AI tool drafts a
sales promise. Another summarises the contract. Another produces onboarding instructions. Another
answers support questions. If the underlying process is not aligned, the outputs may
conflict.[13][14][15][1][3][9]

A redesigned process should be judged by the outcome it creates, not by the number of tasks automated.
Leaders should define:

● Who is the customer or user of this process?

● What result should they receive?

● What does “good” look like in speed, quality, cost, risk, and experience?

● Which decisions determine the result?

● Which steps genuinely add value?



The AI Pivot — reader PDF 99

● Which steps exist because of history, habit, fear, or system limitations?

● Where does human judgement matter most?

● Where could AI improve the flow without taking over accountability?[1][3][4]

This shift changes the AI conversation. Instead of “Can we automate invoice queries?” the question
becomes “How do we help suppliers and finance teams resolve payment issues accurately, quickly, and
transparently?” Instead of “Can AI write performance reviews?” the question becomes “How do we support
fair, evidence-based, useful performance conversations?” Instead of “Can AI triage all complaints?” the
question becomes “How do we identify urgency, route work correctly, and ensure customers receive
accountable responses?”

Outcome-first thinking prevents tool-led redesign.

The Before/After Process Redesign Worksheet

The Before/After Process Redesign Worksheet is a practical tool for leaders, process owners, and project
teams. It should be used before selecting a tool, before launching a pilot, and again after early testing. The
aim is not to create a perfect process diagram. The aim is to make the work visible enough to improve it.

Use the worksheet for one process at a time. Keep the scope narrow enough that the team can describe
the real work, not the official version that appears in a policy document.[1][3][4]

1. Name the process and owner

Start by naming the process in plain English: customer onboarding, supplier invoice resolution, sales
proposal creation, support ticket triage, employee onboarding, contract intake, demand planning,
maintenance scheduling, board-report preparation, or product-issue escalation.[14][15][1][3][9][11]

Then name the business owner. This is not always the person who runs the system. It is the person
accountable for the process outcome. If no owner can be named, the process is not ready for AI-enabled
redesign. Ownership must come before automation.[21][22][23]

2. Define the purpose and success criteria

Write one sentence explaining why the process exists. Then define success from the perspective of the
business and the people affected by the process.

For customer onboarding, success may mean customers become active quickly, receive accurate
information, meet compliance requirements, and understand who owns their next step. For supplier
payment queries, success may mean suppliers receive clear answers, duplicate work is reduced, cash
controls are protected, and finance can identify recurring causes of delay.[1][3][4][9][11]

Success criteria should include more than speed. A process can be fast and wrong. Consider quality,
consistency, customer or employee experience, risk control, transparency, cost, learning, and handover
quality.[6][7][8][1][3][4]

3. Map the current steps

List the current process steps as they really happen. Include emails, spreadsheets, handoffs, approvals,
meetings, rework, manual checks, system updates, and informal workarounds. If different teams follow
different versions, document the variation rather than pretending it does not exist.

A useful map does not need specialist notation. A simple sequence is enough:

● 1. Customer signs contract.



The AI Pivot — reader PDF 100

● 2. Sales sends handover email.

● 3. Operations reviews missing information.

● 4. Account manager chases customer.

● 5. Compliance reviews documents.

● 6. Finance creates billing record.

● 7. Support sets up access.

● 8. Customer receives welcome pack.

● 9. Issues are resolved through email threads.[1][3][9][11]

The purpose is to expose reality. AI should be designed for the actual process, not the process leaders
wish existed.

4. Identify pain points and bottlenecks

For each step, ask where time, errors, frustration, cost, risk, or customer harm appear. Common pain
points include missing information, repeated data entry, unclear approval rules, duplicate reviews,
inconsistent templates, outdated knowledge, waiting for a named individual, poor system integration, and
no visible status.

Distinguish symptoms from causes. A slow approval may not be caused by the approver. It may be caused
by incomplete submissions, unclear thresholds, too many exceptions, or lack of trust in earlier checks. A
high volume of customer queries may not require a chatbot. It may require clearer instructions, better
self-service content, or fewer confusing handoffs.

AI can help with some bottlenecks. It cannot fix all of them. The worksheet should separate process
problems, data problems, technology problems, policy problems, and people problems.

5. Identify decisions, judgement points, and risk points

AI adoption often fails when teams confuse tasks with decisions. A task is an action: summarise a
document, extract a field, draft a response, classify a ticket, compare two records. A decision changes
what happens next: approve, reject, escalate, prioritise, price, refund, hire, investigate, disclose, ship, stop,
or commit.

Map the decisions in the process. Who makes them today? What information do they use? What rules
apply? Which decisions are routine? Which require judgement? Which carry legal, financial, safety,
employment, customer, or reputational risk?

This step determines where AI can assist and where human accountability must remain explicit. In a
low-risk workflow, AI might classify requests and suggest routing. In a high-risk workflow, AI may provide
analysis but a qualified person must review and approve. In some workflows, AI should not be used for
certain decisions at all without specialist governance.

6. List data inputs and knowledge sources

Every AI-assisted process depends on inputs. These may include structured data, documents, policies,
contracts, emails, call notes, product manuals, customer records, historical cases, sensor readings,
invoices, or expert judgement.

List the inputs required for each step. Then ask whether the data is available, current, accurate enough,
legally usable, securely accessible, and understood. This connects process redesign back to data
readiness. A process cannot be safely redesigned around AI if the required inputs are unreliable or
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uncontrolled.

Also identify missing knowledge. Many processes depend on experienced employees who know
exceptions, customer history, supplier behaviour, regional practice, or unwritten rules. If that knowledge is
not captured, an AI system may miss the real operating logic.

7. Mark candidate AI support points

Only after mapping the process should the team identify where AI might help. Candidate support points
may include:

● summarising documents or case histories;

● extracting information from forms, emails, or contracts;

● classifying requests by type, urgency, or risk;

● retrieving approved guidance for employees;

● drafting first responses for review;

● recommending next best actions;

● identifying missing information;

● detecting anomalies or duplicate records;

● forecasting likely delays or demand;

● translating complex policies into plain-language explanations;

● generating status updates from approved system data;

● capturing feedback and recurring issues.

The question is not “How many AI features can we add?” The question is “Which support points improve
the outcome while staying within acceptable risk?”

A good support point has a clear user, input, output, review rule, success measure, and owner. If those
cannot be defined, the team should not automate it yet.

8. Remove, simplify, standardise, then augment

Before adding AI, ask four questions in order.

First, what can be removed? Some steps no longer serve a useful purpose. A report may exist because a
former executive requested it. A duplicate approval may remain after a policy changed. A manual
reconciliation may persist because two systems were never integrated. Removing useless work is better
than automating it.

Second, what can be simplified? Forms may ask for too much information. Approval paths may be more
complex than the risk justifies. Customer instructions may be written for internal convenience rather than
user clarity. Simplification reduces the burden on both people and AI systems.

Third, what can be standardised? AI works better when categories, templates, definitions, handoffs, and
decision rules are consistent. Standardisation does not mean eliminating all flexibility. It means making the
normal path clear and treating exceptions deliberately.

Fourth, where should AI augment the redesigned workflow? Once unnecessary complexity is removed, AI
can be placed where it genuinely helps.

This sequence matters. Remove. Simplify. Standardise. Augment. Many organisations do the reverse.
They augment complexity, then wonder why value is hard to measure.
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9. Design the future process

Now describe the redesigned process. Keep it practical. Show what changes for the user, the employee,
the manager, and the control environment.

For example, a redesigned onboarding process might work like this:

● 1. Sales completes a standard handover form before contract signature.

● 2. The system checks for missing required information.

● 3. AI summarises the contract and highlights onboarding obligations using approved source documents.

● 4. Operations reviews the summary and confirms the onboarding plan.

● 5. Compliance receives only cases that meet defined risk thresholds.

● 6. Finance receives structured billing data automatically.

● 7. The customer receives a clear welcome message and status view.

● 8. The AI assistant drafts updates but employees approve customer-facing messages.

● 9. Exceptions are logged and reviewed monthly to improve the process.

This is not just automation. It is a new operating design: clearer inputs, fewer handoffs, defined review,
better customer communication, and feedback for improvement.

10. Define metrics and feedback loops

A redesigned process needs measurement. Metrics should connect to the outcome, not just tool usage.

Useful metrics may include cycle time, first-time-right rate, rework, backlog age, customer satisfaction,
employee effort, exception volume, error rate, escalation rate, compliance findings, cost per case, forecast
accuracy, revenue leakage, and quality of handover. For AI-assisted steps, track output accuracy, review
changes, user adoption, override rates, source quality, incidents, and recurring failure patterns.

Feedback loops matter because AI-enabled processes are not fixed forever. Users will find edge cases.
Data will change. Policies will change. Customers will behave differently. Teams will discover that some
suggestions are useful and others are not. The process owner must review evidence and improve the
workflow over time.

Example: invoice queries in finance

A finance team receives frequent supplier queries about unpaid invoices. Leaders want AI to answer
supplier emails automatically.

The current process map shows several causes of delay. Some invoices lack purchase order numbers.
Some are sent to the wrong inbox. Some require manager approval that sits outside the finance system.
Supplier names differ between systems. Payment status is not visible to procurement. Finance staff spend
time reading email chains to understand what happened.

A narrow automation approach would train a chatbot to respond to suppliers. That may reduce some email
volume, but it could also give wrong answers if the underlying status data is poor.

A redesigned process takes a different path. The company standardises invoice submission requirements.
It creates clearer supplier instructions. It integrates payment status into a controlled portal. AI is used
internally to summarise invoice history, detect missing information, suggest response drafts, and flag cases
that require human review. Automatic supplier responses are limited to low-risk status updates drawn from
approved system data.



The AI Pivot — reader PDF 103

The value comes from redesigning the process, not simply adding a bot. Finance reduces repeated
investigation, suppliers receive clearer information, and managers can see the causes of delay.

Example: customer complaints in a service business

A service business wants AI to triage complaints. The customer-service team is under pressure, and
leaders want urgent complaints identified faster.

The process map shows that complaints enter through phone calls, emails, web forms, social media,
account managers, and field staff. Categories are inconsistent. Some employees label a case as “service
issue,” others as “billing,” and others as “escalation.” Serious complaints are sometimes hidden inside
polite messages. Customers are frustrated because they repeat information at each handoff.

AI can help classify and summarise complaints, but only if the business defines the process first. What
counts as urgent? Which complaints require regulatory, legal, safety, or executive escalation? What
information must be captured at first contact? Who owns the response? What timeframes apply? When
should a human override the classification?

The redesigned process creates a common intake form, clear severity levels, escalation rules,
source-linked case summaries, and human review for high-risk categories. AI supports triage, but it does
not own the complaint. The accountable team does.

Example: management reporting

A leadership team spends too much time producing monthly reports. Each department prepares slides.
Analysts copy data from systems into spreadsheets. Managers rewrite commentary. Executives complain
that the pack is too long and arrives too late.

The obvious AI idea is to generate the report automatically. But the process redesign reveals a deeper
issue: many report sections do not support decisions. Some metrics are included because they were
available, not because they are useful. Definitions vary by department. Commentary explains what
happened but not what decision is required. Actions from the previous month are not tracked consistently.

The redesigned process starts with decision needs. What must the leadership team decide monthly?
Which metrics show performance, risk, customer health, cash, people, operations, and strategic progress?
Which exceptions require discussion? Which information can be moved to an appendix? Who owns
commentary quality?

AI then becomes useful. It can draft variance explanations from reviewed data, summarise risks, compare
current performance with previous periods, identify missing commentary, and prepare questions for
leaders. Humans still own interpretation and decisions. The report becomes shorter, clearer, and more
connected to action.

Common mistakes in process redesign

Several mistakes recur in AI programmes.

Mistake 1: Automating the official process instead of the real one.

Policy documents often describe how work should happen. Employees know how it actually happens. AI
designed for the official process may fail because it misses exceptions, workarounds, informal approvals,
and hidden dependencies.

Mistake 2: Treating every delay as a technology problem.
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Some delays are caused by unclear decision rights, missing information, incentives, risk appetite, or
overloaded teams. Technology can help, but it cannot replace management clarity.

Mistake 3: Removing human review without understanding its purpose.

A review step may look inefficient, but it may protect the business from legal, financial, safety, customer, or
reputational harm. If review is slow, redesign it. Do not remove it blindly.

Mistake 4: Measuring success by activity rather than outcome.

Number of AI-generated summaries, prompts, automated responses, or users does not prove value.
Measure the business result: fewer errors, faster cycle time, better service, lower rework, improved quality,
safer decisions, or clearer accountability.

Mistake 5: Ignoring exceptions.

Many processes look simple until exceptions appear. Exceptions are where customers are disappointed,
risk emerges, and employees invent workarounds. AI-enabled workflows need clear exception handling.

Mistake 6: Designing without the people who do the work.

Employees often know where the process really breaks. If they are excluded, the redesigned workflow may
be elegant on paper and useless in practice. Involving them also improves adoption because they can see
how AI helps rather than threatens the work.

Mistake 7: Confusing standardisation with rigidity.

Standard paths are important, but real businesses need controlled flexibility. The goal is not to force every
case through one mechanical route. The goal is to make normal work clear and exceptions visible.

Questions leaders should ask

Leaders do not need to draw every process map themselves. They do need to insist that process redesign
happens before automation decisions are made. Useful questions include:

● What business outcome does this process exist to produce?

● Who owns the end-to-end process?

● What does success look like for the customer, employee, business, and control environment?

● What are the actual steps today, including workarounds?

● Where are the bottlenecks, errors, repeated work, and handoff failures?

● Which steps add value, and which exist because of history or mistrust?

● Which decisions are made in the process, and who is accountable for them?

● Which steps involve legal, financial, employment, safety, customer, or reputational risk?

● What data and knowledge does the process depend on?

● What can be removed before anything is automated?

● What can be simplified or standardised?

● Where could AI support people without taking over accountability?

● What must remain under human review?

● How will exceptions be handled?

● What metrics will prove that the redesigned process is better?
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● How will users report problems and suggest improvements?

These questions are practical governance. They slow down premature automation and speed up useful
adoption.

Reader action: complete the Before/After Process Redesign
Worksheet

Select one process being considered for AI support. Map the current steps, decisions, handoffs, delays,
exceptions, data inputs, judgement points, and risk points. Then design the future process by removing
unnecessary steps, simplifying variation, standardising what should be consistent, and only then adding AI
support where it improves the work.

The decision unlocked by this chapter

The decision is to treat AI adoption as work redesign, not task automation.

The businesses that get value from AI will not simply attach tools to every existing workflow. They will look
at the work itself. They will remove unnecessary steps, simplify confusing handoffs, standardise where
consistency matters, protect judgement where risk is high, and place AI where it improves the outcome.
They will make ownership visible. They will measure whether the process is actually better.

This chapter has avoided unsourced quantitative claims and has treated legal, regulatory, employment,
safety, and sector-specific issues as matters requiring final specialist review. The durable management
principle is straightforward: AI should not be used to accelerate confusion. It should be used to support
better-designed work.

Process redesign also changes people’s roles. When AI drafts, summarises, classifies, recommends, or
monitors, employees need new skills, new confidence, new incentives, and a clear understanding of what
remains their responsibility. A redesigned workflow will fail if the workforce is not ready to use it.

That is why the next chapter turns to people and culture: how to build an AI-ready workforce without
pretending that adoption is only a training course.
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Chapter 16 — People and Culture: Building an
AI-Ready Workforce
A leadership team approves its first AI pilot with care. The use case is sensible: an internal assistant that
helps customer-service agents find approved answers from product manuals, policy documents, and
previous support guidance. The data has been reviewed. The process has been mapped. The tool is not
allowed to send messages directly to customers. Agents remain responsible for the final response. On
paper, the pilot looks low risk and useful.[1][3][4][2][17][18]

Then the human reality appears.

Some agents use the assistant enthusiastically and quickly discover where it helps. Some avoid it because
they worry every prompt will be monitored. A few use it as a shortcut and copy answers without enough
review. Supervisors are unsure whether using AI is a sign of good performance or weak knowledge.
Experienced agents feel the system is built from their expertise but fear they will get no credit for improving
it. Newer agents trust the tool too much because it sounds confident. The union representative asks
whether AI will be used to reduce headcount. The training team provides a generic one-hour webinar that
explains the tool but not the new workflow.[1][3][4][2][17][18]

The technology works well enough. The adoption does not.[13][14]

This is where many AI programmes stumble. Leaders treat people and culture as a communication task
after the real work has happened. They announce the tool, run training, and expect adoption to follow. But
AI changes how people work, learn, decide, review, and prove value. It changes what good performance
looks like. It exposes skill gaps. It raises questions about trust, fairness, monitoring, status, and job
security. It can make confident employees feel uncertain and quiet employees more capable. It can also
reward the wrong behaviour if incentives are not redesigned.[9][10][11][12][1][3]

An AI-ready workforce is not created by enthusiasm alone. It is created when people understand the
purpose, limits, rules, skills, and consequences of AI-assisted work. This chapter explains how leaders can
build that workforce in a practical, hype-resistant way. The goal is not to make every employee a
technologist. The goal is to help people use AI responsibly, confidently, and productively in the work they
actually do.[14][15]

Adoption is not the same as access

Giving employees access to AI tools is not the same as adoption. Access means the tool exists. Adoption
means people use it in the right work, for the right purpose, with the right judgement, under the right
controls, and with enough confidence to improve the workflow over time.[1][3][4][13][14][15]

This distinction matters because early AI usage can be misleading. A company may see high login
numbers and assume transformation is underway. In reality, employees may be experimenting with
low-value tasks, using AI outside policy, generating more content than the business needs, or avoiding the
tool for serious work. Another company may see low usage and assume the tool is poor, when the real
problem is that managers have not explained when, why, or how to use it.[1][3][4][14][15]

AI adoption sits at the intersection of capability and trust. Employees need enough capability to use the
system well. They also need enough trust to believe that using it will not harm them, embarrass them, or
create unacceptable risk. If either side is weak, adoption suffers.[1][3][4][13][14][15]

A skilled employee who does not trust the organisation’s intent may resist quietly. A trusting employee
without skill may use the tool badly. A confident manager without judgement may push automation into
risky areas. A cautious manager without understanding may block useful experimentation. Culture is the
pattern of these behaviours at scale.[1][3][4][14][15]
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Leaders should therefore avoid two simplistic messages. The first is “AI will make everyone more
productive,” which sounds reassuring but may ignore job anxiety, uneven capability, and real
implementation costs. The second is “AI is just another tool,” which understates how deeply it can affect
knowledge work, supervision, training, and decision-making.[15][16][13][14]

A better message is: AI will be used where it helps the business and its people produce better outcomes,
but it must be adopted with clear purpose, human accountability, role-specific skills, and open
management of risk.[1][3][4][14][15]

What makes a workforce AI-ready?

An AI-ready workforce has six characteristics.[14][15]

AI Skills and Confidence Map
An AI-ready workforce combines skill, confidence, role-specific use cases, manager supp…

incentives, and trust.

Low skill / Low
confidence

High skill / Low
confidence

Low skill / High
confidence

High skill / High
confidence

Use the matrix to compare choices, not to replace judgement.

Figure 16.1

First, people understand the business purpose. They know why the organisation is using AI in a particular
workflow and what outcome it is meant to improve. They do not see AI as a vague modernisation campaign
or a hidden cost-cutting exercise.

Second, people understand the limits. They know that AI outputs can be incomplete, biased, outdated,
irrelevant, or simply wrong. They know when to verify, when to challenge, when to escalate, and when not
to use AI at all.

Third, people have role-specific skills. A finance analyst, sales manager, HR adviser, service agent,
product owner, lawyer, and operations planner do not need identical AI training. Each needs to know how
AI changes their tasks, data, risks, decisions, and review responsibilities.[14][15]

Fourth, managers know how to supervise AI-assisted work. They can distinguish useful experimentation
from unsafe shortcuts. They know what evidence to look for, how to coach staff, and how to redesign
incentives.
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Fifth, the organisation has psychological safety around learning. Employees can ask basic questions,
report mistakes, challenge outputs, and admit uncertainty without being treated as blockers or fools. This
does not mean lowering standards. It means making learning visible.[13][14][15]

Sixth, accountability remains clear. Employees know which decisions remain theirs, which outputs require
review, which uses are prohibited, and who owns exceptions or incidents. AI does not become a fog in
which responsibility disappears.[1][3][4][14][15]

These characteristics can be built deliberately. They require leadership attention, not just a training
budget.[14][15]

The culture problem AI exposes

AI rarely creates an organisation’s cultural problems from nothing. More often, it exposes them.

If the organisation already has low trust, employees may assume AI is a surveillance tool. If communication
is poor, rumours fill the gap. If incentives reward speed over quality, AI will be used to move faster even
when review is needed. If teams are punished for mistakes, employees will hide AI failures rather than
report them. If senior leaders chase fashionable projects, staff will treat AI as another initiative that will
fade. If managers do not understand the work, they may impose unrealistic productivity
expectations.[1][3][4][15][16][14]

AI also exposes differences in confidence. Some employees will experiment quickly. Others will hesitate
because they fear looking incompetent. Senior people may feel threatened because junior employees can
now produce polished drafts or analysis more quickly. Junior employees may feel pressured to accept AI
outputs because they lack the experience to challenge them. Specialists may worry that their expertise is
being turned into a generic tool. Generalists may overestimate their ability to use AI in expert
domains.[14][15]

None of this is solved by telling people to be positive.

A practical culture approach begins by naming the tensions honestly. AI can improve work, but it may also
change tasks. It may remove some repetitive effort, but it may add review and governance. It may help less
experienced employees learn faster, but it does not replace professional judgement. It may create new
opportunities, but it may also make some existing skills less valuable. Responsible leaders do not promise
that nothing will change. They explain how change will be managed.

Four groups in every AI transition

In most organisations, employees fall into four broad groups during AI adoption. The labels are not fixed
identities. People move between groups depending on the use case, the quality of leadership, and their
own experience.

Enthusiasts are already experimenting. They may be productive sources of ideas, but they can also
create risk if they move faster than governance. They need channels for safe experimentation, clear
boundaries, and recognition for sharing what works.

Pragmatists are willing to use AI if it helps them do real work. They are not interested in hype. They want
examples, templates, rules, and evidence. They are often the most important adoption group because they
represent the practical middle of the organisation.

Sceptics are unconvinced. Some have valid concerns about quality, risk, customer impact, privacy,
fairness, or workload. Others may be tired of transformation programmes. Leaders should listen carefully.
Sceptics often identify failure modes that enthusiasts miss.



The AI Pivot — reader PDF 109

Anxious employees may fear job loss, monitoring, embarrassment, or being left behind. Their concerns
may not always be voiced openly. If leaders ignore anxiety, it turns into resistance, disengagement, or
quiet misuse. If leaders address it honestly, anxiety can become learning energy.

A good adoption plan serves all four groups. It gives enthusiasts guardrails, pragmatists use cases,
sceptics evidence, and anxious employees support.

The AI Skills and Confidence Map

The AI Skills and Confidence Map is a practical tool for understanding workforce readiness. It helps
leaders avoid generic training and identify what different teams actually need.

Use the map at team, function, or role level. It is not a performance ranking exercise. It should not be used
to shame individuals. Its purpose is to design support, training, supervision, and adoption plans.

The map has two dimensions: skill and confidence.

Skill means the person or team can use AI effectively and responsibly in a relevant work context.
Confidence means they are willing to use it, ask questions, review outputs, and report issues.

This creates four zones.

1. Low skill, low confidence: support first

People in this zone may feel excluded from the AI conversation. They may avoid tools, rely on rumours, or
assume AI is for other people. They need simple explanations, safe demonstrations, practical examples,
and permission to learn slowly.

The leadership mistake is to dismiss this group as resistant. Many are not resistant; they are
under-supported. Start with plain-English sessions tied to their actual work. Show what AI can and cannot
do. Let them practise on low-risk tasks. Make it clear that responsible use includes knowing when not to
use the tool.

Useful actions include:

● short role-specific workshops;

● demonstrations using familiar tasks;

● supervised practice with safe examples;

● simple acceptable-use guidance;

● named support contacts;

● time allocated for learning rather than added on top of normal workload.

2. Low skill, high confidence: guardrails first

This group is willing to use AI but may overestimate its reliability or underestimate risk. They may paste
sensitive information into unapproved tools, use AI for decisions beyond policy, or accept plausible outputs
without checking sources.

They do not need discouragement. They need discipline.

Useful actions include:

● clear rules on data, confidentiality, and prohibited use;

● examples of hallucination, bias, and poor output;

● review checklists;
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● manager coaching;

● escalation routes;

● controlled sandboxes for experimentation.

This group can become valuable once confidence is matched with judgement.

3. High skill, low confidence: trust first

Some employees understand AI well enough but do not trust the organisation’s motives, governance, or
fairness. They may worry that using AI will make their role look replaceable. They may fear being judged if
outputs are wrong. They may suspect that productivity gains will simply lead to higher targets.

For this group, more technical training is not the main answer. Leaders need to address trust.

Useful actions include:

● transparent communication about intended use;

● clear statements on monitoring and performance evaluation;

● involvement in workflow design;

● recognition for expertise and review work;

● visible response to reported issues;

● honest discussion of role changes.

This group often contains experienced employees whose judgement is essential. If they disengage, the AI
programme loses practical wisdom.

4. High skill, high confidence: channel and scale

This group can help the organisation learn. They may become AI champions, pilot users, trainers, workflow
testers, prompt-library contributors, or early reviewers of policy. But they should not be allowed to define
adoption alone. High confidence can become overreach if it is not connected to governance.

Useful actions include:

● formal champion networks;

● peer demonstrations;

● contribution to approved playbooks;

● participation in pilot design;

● feedback loops with governance teams;

● recognition linked to responsible adoption, not just speed.

The aim is to use their energy without creating a two-tier culture where a small group races ahead and
everyone else feels left behind.

Role-specific AI literacy

AI literacy does not mean the same thing for every role. A board member needs to ask better governance
questions. A service agent needs to know how to review suggested answers. A marketer needs to protect
brand voice and customer data. A finance analyst needs to validate assumptions and preserve auditability.
A manager needs to coach AI-assisted work. A technology leader needs to connect tools, security, data,
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and business priorities.

A useful training plan starts with role families rather than one universal course.

For all employees, baseline AI literacy should cover:

● what AI is in plain English;

● what it can and cannot reliably do;

● approved and prohibited uses;

● data and confidentiality rules;

● the need for human review;

● how to report concerns or incidents;

● where to find support.

For managers, training should add:

● how AI changes workflow design;

● how to set expectations without creating unsafe pressure;

● how to supervise AI-assisted outputs;

● how to identify skill and confidence gaps;

● how to handle employee concerns;

● how to measure outcomes rather than activity.

For specialist functions, training should address domain-specific risks. HR teams need to understand
fairness, employment impact, and sensitive data. Legal and compliance teams need review boundaries
and confidentiality controls. Finance teams need auditability and control. Sales and marketing teams need
brand, privacy, and customer trust. Operations teams need safety, resilience, and exception handling.
Product teams need customer value, intellectual-property questions, and responsible feature design.

The leadership question is not “Have we trained everyone?” It is “Can each role use AI responsibly in the
decisions and workflows that matter to them?”

Incentives shape behaviour

Employees pay attention to what leaders measure, praise, punish, and promote. If incentives are wrong, AI
adoption will drift in the wrong direction.

If a service team is measured only on speed, agents may use AI to close tickets quickly even when
customers need careful handling. If marketers are measured only on volume, AI may create a flood of
average content. If sales teams are praised for outreach numbers, AI may increase generic messages that
damage trust. If managers are rewarded for headcount reduction, employees will see every AI pilot as a
threat. If employees are punished for AI mistakes, they will hide problems.

Responsible adoption requires balanced incentives. Leaders should reward:

● better outcomes, not just faster outputs;

● quality of review, not just use of AI;

● safe experimentation, not reckless automation;

● reporting of issues, not concealment;
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● improvement of workflows, not tool usage for its own sake;

● contribution to shared learning, not private advantage.

This does not mean avoiding productivity goals. AI should create value. But productivity must be defined
carefully. Time saved may become faster service, higher-quality work, more customer contact, better
analysis, reduced rework, or lower cost. Each use case should say which one is expected. Otherwise,
employees may assume that every efficiency gain will become pressure to do more with less, whether or
not that is the real plan.

Communication that builds trust

AI communication often fails because it is either too vague or too promotional. Employees do not need
slogans about transformation. They need credible answers to practical questions.

A good communication plan should address:

● why the organisation is using AI;

● which business outcomes are being targeted;

● which use cases are in scope now;

● which uses are not allowed;

● how employee data and activity will be handled;

● what human review remains required;

● how roles may change;

● what training and support will be provided;

● how concerns can be raised;

● how success will be measured;

● who is accountable.

Leaders should also explain uncertainty. Not every answer will be known at the start. It is better to say “We
do not yet know whether this pilot will scale, and we will decide based on evidence” than to pretend that the
outcome is guaranteed. Credibility is built by being specific about what is known, honest about what is not
known, and disciplined about how decisions will be made.

Communication should be two-way. Employees doing the work will see risks, workarounds, customer
reactions, and quality issues that leaders miss. Feedback channels should be simple and safe: team
discussions, pilot retrospectives, issue logs, manager check-ins, anonymous reporting where appropriate,
and direct access to the project owner for urgent concerns.

The most important communication is not the launch message. It is what leaders do after the first problems
appear. If issues are acknowledged and fixed, trust grows. If issues are dismissed because they threaten
the story of success, trust disappears.

Managers are the adoption hinge

Middle managers are often the hinge between AI strategy and daily behaviour. They translate policy into
expectations. They decide whether people get time to learn. They notice whether outputs are improving or
deteriorating. They handle anxiety. They coach review habits. They decide whether AI is treated as a
thoughtful workflow change or another target to hit.
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Yet many organisations underprepare managers. They brief senior leaders, train frontline users, and
assume managers will work it out. This is risky.

Managers need practical guidance on five questions.

First, where should AI be used in this team’s work? Managers should connect approved use cases to
actual tasks and outcomes.

Second, what does good AI-assisted work look like? They need examples of acceptable drafts, reviewed
outputs, source checks, escalation, and quality standards.

Third, what behaviour is unsafe? Managers need to recognise data leakage, overreliance, prohibited use,
unreviewed outputs, poor customer handling, and hidden workarounds.

Fourth, how should performance be discussed? Managers need language that encourages learning
without implying that AI use is optional where it has become part of the workflow, or mandatory where it is
not yet safe.

Fifth, how should concerns be escalated? Managers should not have to invent risk processes. They need
clear routes for privacy, security, legal, customer, employee, and operational issues.

If managers are confused, teams will be confused. If managers are overzealous, teams may cut corners. If
managers are dismissive, adoption will stall. Preparing managers is one of the highest-return actions in an
AI readiness programme.

Human judgement becomes more important, not less

A common misunderstanding is that AI reduces the need for human judgement. In well-designed AI
adoption, the opposite is often true. AI can produce drafts, summaries, classifications, recommendations,
and alerts at speed. That makes judgement about what to accept, reject, change, escalate, or investigate
more important.

Review is not clerical work. It is skilled work.

A lawyer reviewing an AI-assisted contract summary must understand the matter, not just the summary. A
finance manager reviewing an anomaly alert must understand the business context. A service agent
approving a response must understand the customer’s situation. An HR adviser using AI to summarise
policy must understand fairness, sensitivity, and the limits of the source material. A product manager using
AI-generated customer themes must know whether the data represents the market or only the loudest
feedback.

This has implications for training. Employees should not only learn how to prompt. They should learn how
to review. Review skills include:

● checking source quality;

● identifying missing context;

● spotting overconfident language;

● comparing outputs with policy or data;

● recognising when expertise is required;

● understanding risk thresholds;

● documenting changes where needed;

● escalating uncertain cases.
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If the organisation treats review as a low-value afterthought, it will either overtrust AI or slow the workflow
with unclear second-guessing. If it treats review as a core professional skill, AI can become a useful
assistant rather than an uncontrolled substitute.

Psychological safety and error reporting

AI systems will make mistakes. Employees will also make mistakes when using them. Some mistakes will
be minor: a poor draft, a weak summary, a missed nuance. Others may involve customer harm,
confidential information, bias, or incorrect decisions. The organisation needs to know when problems
occur.

That requires psychological safety. Employees must believe that reporting an AI issue is valued, not
punished automatically. This does not remove accountability for reckless behaviour or policy breaches. It
means distinguishing between responsible use that reveals a system problem and irresponsible use that
ignores known rules.

A healthy error-reporting culture asks:

● Was the use case approved?

● Were data rules followed?

● Was required review performed?

● Was the output checked against appropriate sources?

● Was the issue reported promptly?

● Does the process need better guidance, training, or controls?

The aim is learning. If an AI assistant repeatedly gives weak answers for a product line, the problem may
be poor source documents. If employees keep using unapproved tools, the approved tool may be too hard
to access or the policy may be unclear. If managers push unreviewed automation, incentives may be
wrong. If staff hide issues, trust may be weak.

Every incident is information about the operating model.

The shadow AI dilemma

Before official adoption, many employees will already have tried public AI tools. Some will use them
harmlessly for brainstorming or drafting. Others may paste confidential documents, customer data, code,
contracts, financial information, or internal strategy into tools without understanding the risks. This is
shadow AI: AI use outside approved visibility, governance, or controls.

A purely punitive response can drive shadow AI further underground. A purely permissive response can
create unacceptable risk. Leaders need a balanced approach.

Start by acknowledging reality. Employees are often using AI because they are trying to get work done.
Then define clear boundaries. What data must never be entered into unapproved tools? Which uses
require approved systems? Which tasks are allowed for experimentation? What should employees do if
they have already used AI in a risky way? Who can answer questions quickly?

Shadow AI should be treated as both a risk signal and an opportunity signal. It reveals where employees
feel pain, where official tools are inadequate, and where demand for AI support already exists. The answer
is not to pretend it is not happening. The answer is to bring useful activity into governed channels and stop
unsafe activity with clear rules and viable alternatives.
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Building an AI learning system

AI-ready culture is not created by one launch. It is maintained through a learning system.

A practical learning system includes:

● a visible owner for workforce adoption;

● role-specific training paths;

● manager playbooks;

● approved examples and templates;

● communities of practice;

● office hours or support clinics;

● feedback loops from pilots;

● issue and incident reporting;

● regular updates to policy and guidance;

● measures of confidence, usage quality, and business outcomes.

The phrase “community of practice” can sound grand, but it may be simple. A monthly session where
teams share useful examples, failures, review tips, and policy updates can be enough at first. The point is
to stop learning from being trapped in private experiments.

Leaders should also identify internal champions carefully. A champion is not merely the person most
excited about AI. A good champion understands the work, respects risk, communicates clearly, and helps
colleagues learn. In some teams, the best champion will be an experienced sceptic who has become
convinced through evidence, not the earliest enthusiast.

Common mistakes in people and culture

Several mistakes appear repeatedly in AI adoption.

Mistake 1: Treating training as adoption.

A training session can introduce concepts. It does not guarantee changed behaviour. Adoption requires
workflow integration, manager reinforcement, incentives, support, and measurement.

Mistake 2: Sending the same training to everyone.

Generic awareness is useful at the start, but role-specific capability is what changes work. People need
examples from their own tasks, decisions, data, and risks.

Mistake 3: Ignoring fear because the business case is positive.

A use case can be commercially sensible and still create employee anxiety. Ignored fear becomes
resistance. Addressed fear can become participation.

Mistake 4: Letting enthusiasts define the culture.

Enthusiasts are valuable, but they may not represent the whole workforce. Adoption must work for
pragmatists, sceptics, and anxious employees as well.

Mistake 5: Measuring usage instead of useful use.

High usage can still be low value or high risk. Measure whether AI improves the business outcome, quality,
speed, customer experience, risk control, and employee confidence.
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Mistake 6: Undervaluing review work.

If employees are expected to review AI outputs carefully but are only rewarded for speed, review quality
will decline. Make review visible and valued.

Mistake 7: Avoiding difficult role conversations.

AI may change tasks, responsibilities, and staffing needs over time. Leaders should not make unsupported
promises that nothing will change. They should explain how decisions will be made, what support will be
provided, and how employees can develop relevant skills.

Mistake 8: Leaving managers unsupported.

Managers need practical guidance, not just policy documents. If they cannot explain AI adoption to their
teams, the programme will fragment.

Questions leaders should ask

Leaders can use the following questions to assess whether the workforce is ready for AI adoption:

● Do employees understand why we are using AI in this workflow?

● Have we explained what AI will not be used for?

● Do people know which tools and uses are approved?

● Do they understand data, confidentiality, and privacy boundaries?

● Have we mapped skill and confidence by team or role?

● Which groups are enthusiastic, pragmatic, sceptical, or anxious?

● Are training plans role-specific?

● Do managers know how to supervise AI-assisted work?

● What incentives might encourage unsafe shortcuts?

● Are employees rewarded for quality review and responsible experimentation?

● Can staff report AI problems without fear of unfair blame?

● How will we handle shadow AI use?

● Who owns workforce adoption?

● How will we measure confidence, capability, useful adoption, and business outcomes?

● What role changes are likely, and how will we communicate them honestly?

These questions should be asked before pilots scale. People risks become harder to manage once
AI-assisted work is embedded across teams.

Reader action: build an AI Skills and Confidence Map

For one team, place roles or groups into the four skills-and-confidence categories. Identify who needs
basic literacy, who needs guardrails, who needs reassurance, and who could become an internal
champion. Turn the map into a training, communication, and adoption plan.

The decision unlocked by this chapter

The decision is to treat AI readiness as workforce readiness, not just technical readiness.
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Data and process foundations matter, but people determine whether AI becomes useful, risky, ignored, or
quietly misused. Employees need purpose, boundaries, skills, confidence, incentives, and trust. Managers
need guidance. Experts need recognition. Sceptics need to be heard. Anxious employees need support.
Enthusiasts need guardrails. The organisation needs a learning system that turns experience into better
practice.

This chapter has avoided unsourced quantitative claims and has treated employment, monitoring, privacy,
bias, and legal questions as matters requiring final specialist review. The durable management principle is
clear: AI adoption is not something done to the workforce after decisions are made. It is something built
with the workforce through honest communication, role-specific capability, practical governance, and
respect for human judgement.

Culture needs more than encouragement. It needs rules and accountability. Once people understand how
AI should be used, the organisation must define who approves use cases, who owns risk, who reviews
outputs, who handles incidents, and who reports progress. That is why the next chapter turns to
governance: the system that lets businesses use AI with confidence.
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Chapter 17 — Governance: Rules, Accountability,
and Trust
The executive team has learned from the first wave of AI activity. The business has useful ideas. Customer
service wants a knowledge assistant. Finance wants help with management commentary and anomaly
detection. HR wants to use AI to support training and policy queries. Marketing already has people drafting
campaign variations with generative tools. IT has concerns about data leakage. Legal wants to review
contracts and vendor terms. The board is asking for progress, but also wants reassurance that the
company is not creating unnecessary risk.[9][10][11][12][1][3]

At this point, a familiar sentence appears: “We need AI governance.”[1][3][4]

Everyone agrees with it. Fewer people know what it means.

For some, governance sounds like a committee that slows everything down. For others, it means a policy
document stored on the intranet. For IT, it may mean tool approval and access control. For legal, it may
mean risk review. For the board, it may mean oversight and reporting. For employees, it may mean a list of
things they are no longer allowed to do.[9][10][11][12][1][3]

All of these views contain part of the truth, but none is enough on its own.

AI governance is the system by which an organisation decides how AI may be used, who is accountable for
that use, what controls are required, how risks are reviewed, and how learning is captured. It is not a brake
on progress. Done well, governance is what makes progress possible. It gives leaders confidence to
approve sensible pilots. It gives employees permission to experiment within boundaries. It gives
customers, regulators, partners, and boards evidence that the organisation is not treating AI as a
free-for-all.[1][3][4][13][14][15]

The businesses that struggle with AI governance usually make one of two mistakes. Some move too
slowly, creating so much process that useful experimentation dies. Others move too quickly, allowing
dozens of informal uses before anyone understands the risk. Mature governance avoids both extremes. It
creates enough structure to protect the business, but not so much structure that every small improvement
becomes a legal event.[1][3][4]

This chapter explains what AI governance means in practical business terms. It introduces an AI
Governance Maturity Ladder that leaders can use to assess where they are today and what they need
next. The goal is not bureaucracy. The goal is trusted, accountable, value-driven adoption.[1][3][4][13][14]

Governance is not paperwork

Many organisations begin governance by writing a policy. That is understandable. A policy is visible,
familiar, and relatively easy to produce. It can define acceptable use, prohibited behaviour, approval
routes, and data rules. A good policy matters.[1][3][4]
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Minimum Viable AI Governance System
AI governance needs policy, ownership, intake, risk assessment, approval, monitoring, i…

response, and learning feedback.

Policy

Intake

Risk review

Approval

Monitoring

Incidents

AI governance

Figure 17.1

But a policy is not governance.[1][3][4]

Governance exists only when decisions are made, responsibilities are clear, controls are used, exceptions
are managed, incidents are reported, and the organisation learns from experience. A policy that no one
reads, no manager enforces, no project team applies, and no committee reviews is not governance. It is
documentation.[1][3][4]

The difference matters because AI risk often appears in everyday work, not only in formal projects. An
employee pastes confidential customer information into an unapproved tool. A team uses AI-generated
copy without checking claims. A manager uses an automated score to influence a people decision without
understanding how it was produced. A department buys a niche AI tool with unclear data terms. A pilot
succeeds technically but has no named owner for monitoring after launch. None of these problems is
solved by having a policy in a folder.[9][10][11][12][1][3]

Practical governance answers seven questions:[1][3][4]

● 1. Purpose: What business outcomes are we trying to improve with AI?

● 2. Permission: What AI uses are allowed, controlled, restricted, or prohibited?

● 3. Ownership: Who is accountable for each AI use case, tool, model, dataset, and decision?

● 4. Risk: What could go wrong, who could be harmed, and how severe would the impact be?

● 5. Controls: What review, security, privacy, testing, human oversight, monitoring, and audit
mechanisms are required?

● 6. Transparency: Who needs to know that AI is being used, internally or externally?

● 7. Learning: How will we capture results, incidents, user feedback, and changes in risk over
time?[6][7][8][9][10][11]
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These questions are deliberately business-facing. Leaders do not need to become machine-learning
engineers to govern AI. They do need to ensure that the organisation has a repeatable way to make these
decisions before AI becomes embedded in workflows, products, reports, and customer interactions.[13][14]

Why AI needs its own governance conversation

Some leaders ask why AI needs special governance at all. The organisation already has risk management,
data protection, cybersecurity, procurement, finance controls, HR policies, legal review, and project
governance. Why add another layer?[6][7][8][1][3][4]

The answer is not that AI is completely separate from existing governance. It should not be. AI governance
should connect to existing systems. But AI creates combinations of risk that older processes may not
handle well.[1][3][4]

First, AI can produce outputs that look authoritative even when they are wrong. A spreadsheet error may
be visible to someone checking a formula. A flawed AI-generated summary may read fluently and still omit
a critical exception. Governance must therefore address output review, source checking, and
confidence.[1][3][4]

Second, AI often depends on data whose permissions, quality, and context may be unclear. A model may
use customer records, employee data, contracts, emails, product information, call transcripts, or third-party
content. Governance must connect data rights, privacy, confidentiality, retention, and purpose of
use.[6][7][8][9][10][11]

Third, AI can change decisions. It may recommend which customer to prioritise, which transaction looks
suspicious, which candidate should be reviewed, which maintenance issue is urgent, or which legal clause
requires attention. Even when a human makes the final decision, the AI system may influence judgement.
Governance must define where human oversight is real rather than symbolic.[1][3][4]

Fourth, AI tools can spread quickly. A single approved licence can be used across many functions. A
browser-based tool can be adopted without procurement. A feature can appear inside software the
business already uses. Governance must cover both formal projects and everyday tool use.

Fifth, AI regulation and expectations are evolving. Legal obligations differ by jurisdiction, sector, use case,
data type, and impact on individuals. This book is not a legal manual, and all legal wording should be
reviewed by specialists before implementation. But leaders should understand the management
implication: AI use cannot be treated as purely internal experimentation when it affects customers,
employees, regulated decisions, personal data, safety, or rights.

The purpose of AI governance is to bring these issues into one operating system. It does not replace
privacy, security, compliance, legal, procurement, or business ownership. It coordinates them around AI
use.

The minimum viable governance system

Early AI governance does not need to be elaborate. In fact, many businesses should avoid creating a
heavy structure before they understand their first real use cases. The right starting point is a minimum
viable governance system: enough rules, ownership, and review to prevent obvious harm while allowing
responsible learning.

A minimum viable governance system has eight assets.

1. An AI acceptable-use policy

This policy tells employees what they may and may not do with AI tools. It should be written in plain
English, not legal code. It should cover approved tools, unapproved tools, confidential information,
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personal data, customer information, intellectual property, human review, prohibited uses, and escalation
routes.

The policy should include examples. Employees need to know whether they can use AI to summarise a
public article, draft a meeting agenda, analyse anonymised survey feedback, generate customer-facing
text, review contracts, or handle employee information. Abstract principles are useful, but examples
change behaviour.

2. A tool and use-case register

The business should maintain a simple register of AI tools and use cases. It does not need to be complex
at first. It should record the tool, business owner, function, purpose, data used, vendor, risk level, approval
status, review date, and contact person.

This register is the antidote to AI invisibility. Leaders cannot govern what they cannot see.

3. A risk-tiering method

Not every AI use requires the same level of review. A staff member using an approved tool to draft an
internal meeting outline is not the same as using AI to screen job applicants, recommend credit decisions,
generate medical advice, approve refunds, or interact directly with vulnerable customers.

Risk tiering helps the organisation avoid both under-control and over-control. Low-risk internal productivity
uses may need light guidance. Higher-risk uses need formal review, testing, monitoring, and specialist
input.

4. Named ownership

Every AI use case needs a business owner. Not just an IT owner. Not just a vendor contact. A business
owner is accountable for the outcome, the workflow, the affected stakeholders, and the ongoing use of the
system.

Technical teams may own architecture. Legal may advise. Security may set controls. Data teams may
manage access and quality. But the business must own the use case because AI is being introduced to
change business work.

5. Human oversight rules

Human oversight is often mentioned but poorly defined. Governance should specify where humans review,
approve, override, audit, or intervene. It should also define what reviewers are expected to check.

A human who rubber-stamps AI output without time, skill, authority, or evidence is not meaningful
oversight. Good oversight is designed into the workflow. It is not added as a comforting phrase.

6. Data-use rules

Employees and project teams need clear rules on what data can be used with which tools. This includes
confidential information, personal data, customer records, employee records, commercial secrets,
regulated information, and third-party content. It should also cover whether data may be used to train
vendor models, how long it is retained, where it is processed, and who can access outputs.

The exact legal requirements depend on jurisdiction and context, so specialist review is essential. The
management principle is simpler: do not let valuable or sensitive data flow into AI systems without knowing
the terms, controls, and consequences.

7. Incident and exception process
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Something will go wrong eventually. An AI output may be inaccurate. A team may use an unapproved tool.
Sensitive data may be entered into the wrong system. A customer may complain about an automated
interaction. A vendor may change its terms. A model may behave differently after an update.

Governance should make reporting easy and non-punitive for honest mistakes. If employees fear
punishment for every issue, they will hide problems. Leaders need early visibility more than perfect
appearances.

8. A review cadence

AI governance must be reviewed regularly because tools, use cases, regulation, data, and organisational
experience change. The cadence may be monthly during early adoption and quarterly once practices
mature. The review should look at new use cases, incidents, policy exceptions, pilot results, vendor
changes, user feedback, and emerging risks.

These eight assets form the foundation. They are not the final destination, but they allow the business to
move from informal experimentation to controlled learning.

The AI Governance Maturity Ladder

The AI Governance Maturity Ladder helps leaders assess the organisation’s current state. It is not a
certification model. It is a practical way to decide what needs to improve next.

Level 1: Unaware or informal use

At Level 1, AI use is happening but leadership has limited visibility. Employees may use public tools for
drafting, research, summarisation, coding, analysis, or customer communication. Departments may buy
AI-enabled software without central review. Managers may not know what data is being entered into tools.
There may be no acceptable-use policy or only a vague instruction to “be careful.”

The organisation may believe it has not adopted AI, but in reality AI has adopted the organisation through
employees and vendors.

The main risks at this level are data leakage, inconsistent quality, hallucinated content, unmanaged
customer impact, shadow IT, and false confidence. The leadership task is not to panic or ban everything.
The task is to create visibility quickly.

Immediate actions:

● ask departments where AI is already being used;

● issue interim acceptable-use guidance;

● prohibit clearly unsafe uses while review is pending;

● identify tools that handle sensitive data;

● name an executive sponsor;

● create a basic AI use-case register.

Level 1 is common. It becomes dangerous when leaders pretend it is not happening.

Level 2: Basic rules and reactive review

At Level 2, the organisation has an AI policy and some approval process. Employees know which tools are
approved. Obvious sensitive-data risks are addressed. Legal, security, IT, and data teams are consulted
when someone raises a concern. The business may have a steering group or working group, but
governance is still mostly reactive.
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This is a useful step, but it has limits. Teams may see governance as a hurdle rather than a partner.
Reviews may happen too late, after a vendor has been selected or a pilot has already been designed. The
organisation may approve tools without understanding use cases, or approve use cases without monitoring
outcomes.

The leadership task at Level 2 is to move from rule-setting to repeatable decision-making.

Actions to mature:

● define risk tiers for AI use cases;

● require business owners for approved uses;

● create a standard review checklist;

● connect procurement, security, privacy, legal, and business review;

● train managers on policy enforcement;

● review the use-case register regularly.

Level 2 reduces obvious chaos. It does not yet create strategic AI capability.

Level 3: Controlled pilots and accountable ownership

At Level 3, AI governance is built into pilot design. Use cases are prioritised against value, feasibility, data
readiness, and risk. Each pilot has an executive sponsor, business owner, defined scope, approved data,
human oversight, success metrics, and a decision gate. The organisation distinguishes between internal
productivity tools, decision-support systems, customer-facing tools, employee-impacting systems, and
regulated uses.

This is where AI adoption starts to feel professional. Governance is no longer only saying yes or no. It
helps teams design safer, clearer pilots.

The main risk at Level 3 is that governance remains project-based. A pilot may be well controlled during
testing but weakly managed after launch. A tool may be approved for one use and quietly expanded into
another. Metrics may focus on early productivity rather than long-term quality, risk, or customer impact.

Actions to mature:

● define launch criteria for moving from pilot to live use;

● assign ongoing model or tool ownership;

● monitor outputs, incidents, user behaviour, and business impact;

● review whether human oversight is working in practice;

● update policies based on pilot learning;

● report progress and risk to senior leadership.

Level 3 is the minimum standard for serious AI pilots.

Level 4: Portfolio governance and operating-model integration

At Level 4, the organisation governs AI as a portfolio rather than a collection of projects. Leaders can see
which use cases are active, which are paused, which are scaling, and which have been retired. AI
governance is connected to strategy, budget, workforce planning, data governance, cybersecurity, vendor
management, and risk reporting.
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This level is important because AI value rarely comes from isolated experiments. Value comes when
successful workflows are integrated into operations, supported by training, measured against outcomes,
and improved over time.

At Level 4, the organisation should have:

● a current AI portfolio register;

● clear risk tiers and approval routes;

● standard pilot and scaling gates;

● vendor and tool review processes;

● workforce impact review;

● data and security controls;

● incident management;

● leadership reporting;

● periodic review of regulation and external expectations.

The main risk at this level is governance overload. As the portfolio grows, committees can become slow,
paperwork-heavy, and disconnected from frontline reality. Leaders must keep governance proportionate.
Low-risk uses should not be forced through the same process as high-impact decision systems.

Actions to mature:

● automate parts of the governance workflow where sensible;

● create reusable patterns for common use cases;

● build internal guidance libraries and playbooks;

● strengthen board-level oversight for material risks;

● compare value delivered against cost and risk;

● retire systems that do not justify ongoing effort.

Level 4 turns AI governance into operating discipline.

Level 5: Embedded trust and continuous learning

At Level 5, AI governance is part of how the organisation works. Employees understand the rules.
Managers know how to supervise AI-assisted workflows. New AI features are assessed as part of normal
procurement, product, data, security, and change processes. Leaders receive useful reporting on value,
risk, incidents, adoption, and learning. The business can respond when tools change, regulation evolves,
or a use case no longer performs as expected.

This level does not mean the organisation has eliminated risk. It means the organisation has the capacity
to detect, manage, and learn from risk. It also means governance supports innovation. Teams know how to
bring forward ideas. They know what information is needed. They know where the boundaries are. They
know that high-risk ideas require more evidence and stronger controls, not necessarily automatic rejection.

The defining feature of Level 5 is trust. Not blind trust in AI systems, but justified trust in the organisation’s
ability to use them responsibly.

At this level, governance becomes a competitive capability. The business can adopt useful AI faster
because the rules, owners, review routes, and learning loops are already in place.
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Who should own AI governance?

There is no single structure that fits every organisation, but there is one principle that does: AI governance
must be business-led and cross-functional.

If governance sits only in IT, it may underweight legal, customer, workforce, and strategic concerns. If it sits
only in legal or compliance, it may become too defensive and detached from value creation. If it sits only
with innovation teams, it may move too fast for risk management. If it sits only with the board, it will be too
distant from operational decisions.

A practical structure has three layers.

Executive sponsorship

A senior leader should be accountable for AI adoption as a business priority. This may be the CEO, COO,
CIO, chief digital officer, chief risk officer, or another executive depending on the organisation. The
sponsor’s role is to set direction, resolve trade-offs, ensure resources, and report to the board or ownership
group.

The sponsor should not be a figurehead. AI governance often involves trade-offs between speed and
control, innovation and risk, central standards and local flexibility. Those trade-offs require authority.

Cross-functional governance group

The governance group should include business, technology, data, legal, compliance, security, HR,
procurement, and risk perspectives as relevant. Smaller businesses may not have all these functions
internally, but the perspectives still matter. They may come from external advisers or combined roles.

The group’s job is to maintain policy, review higher-risk use cases, monitor the AI portfolio, learn from
incidents, and update standards. It should not attempt to approve every prompt, every document draft, or
every low-risk experiment. Its focus should be proportional control.

Use-case owners

Each AI use case needs a named owner close to the business process. This person is responsible for
ensuring the AI-enabled workflow serves the intended purpose, is used correctly, remains within scope,
and is reviewed over time.

Use-case ownership is where governance becomes real. Without it, AI systems become orphaned after
launch.

Decision rights: who can say yes?

Governance fails when decision rights are vague. If no one knows who can approve a tool, a pilot, a data
source, or a customer-facing use, decisions either stall or happen informally.

Leaders should define decision rights by risk level.

For low-risk internal productivity use, approval may come through an approved tool list, acceptable-use
policy, and manager oversight. Examples might include drafting internal notes, summarising
non-confidential public information, or brainstorming ideas that will be reviewed by humans.

For moderate-risk workflow support, approval should involve the business owner, IT or data owner,
security, and any relevant compliance input. Examples might include internal knowledge retrieval, finance
analysis support, sales proposal drafting using approved content, or operations planning assistance.

For high-risk decision support or external impact, approval should require formal review by senior
business leadership, legal/compliance, security, data protection, and risk. Examples may include AI
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influencing employment, credit, insurance, healthcare, legal, safety, regulated financial, or
customer-impacting decisions.

For prohibited or exceptional uses, the organisation should be explicit. Some uses may be banned
entirely because they conflict with law, policy, ethics, customer promises, or risk appetite. Others may
require board-level or executive approval.

The point is not to create fear. It is to remove guesswork.

The role of the board and senior leadership

Boards and senior leadership teams do not need to review every AI pilot. They do need visibility into
material AI risks and strategic choices.

A useful AI governance report for senior leaders should include:

● active AI use cases and their business owners;

● use cases by risk tier;

● pilots approved, paused, scaled, or retired;

● major vendors and tools in use;

● incidents, exceptions, and lessons learned;

● data, privacy, security, legal, or workforce issues;

● value delivered against expected outcomes;

● upcoming decisions requiring leadership attention.

This report should be short enough to be read and specific enough to be useful. Leaders should avoid
dashboards that count activity but do not show risk or value. “We have 47 AI initiatives” is not, by itself, a
sign of progress. It may be a sign of fragmentation.

The board’s role is to ask better questions:

● Where is AI most important to our strategy?

● What uses of AI would be unacceptable for our business?

● Who owns AI risk at executive level?

● How do we know employees are using AI safely?

● Which customer, employee, regulatory, or reputational risks are most material?

● Are we learning from pilots, or merely accumulating tools?

● What capabilities are we building that competitors would find hard to copy?

These questions move the conversation from novelty to stewardship.

Common governance mistakes

Mistake 1: Starting with a committee instead of a decision system

A committee can be useful, but it is not the same as governance. If the committee has no clear scope,
authority, decision rights, agenda, or data, it becomes a meeting about anxiety. Start with the decisions
that need to be made, then design the group around them.
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Mistake 2: Treating all AI use as equally risky

If every AI use requires a heavy approval process, employees will work around governance or stop
proposing ideas. If every use is treated as low risk, the business will miss serious exposure. Risk tiering is
essential.

Mistake 3: Approving tools without approving uses

A tool can be safe for one purpose and unsafe for another. An AI writing assistant may be acceptable for
internal brainstorming but not for producing regulated customer advice. A document-analysis tool may be
suitable for public reports but not for confidential legal material without additional controls. Governance
should approve tools in context.

Mistake 4: Relying on human oversight without designing it

Saying “a human will check it” is not enough. Who checks? What do they check? How much time do they
have? What evidence is available? Can they override the system? Are they trained to spot errors? Are they
accountable for the final decision? Oversight must be operational, not decorative.

Mistake 5: Ignoring vendor and third-party risk

Many AI capabilities arrive through vendors. Leaders need to understand data-use terms, retention,
security controls, subcontractors, model updates, audit rights, service levels, exit options, and lock-in risk.
Vendor claims should be treated as inputs for review, not proof of safety.

Mistake 6: Forgetting post-launch monitoring

AI risk does not end at launch. Data changes. User behaviour changes. Vendors update models.
Regulations evolve. Customer expectations shift. A system that was acceptable during a pilot may become
inappropriate if used at higher volume, with different data, or in a different workflow.

Mistake 7: Making governance invisible to employees

If employees experience governance only as delay or rejection, they will avoid it. Good governance is
visible as guidance, templates, examples, training, support, and fast answers for common questions.
People should know how to do the right thing without needing to interpret a legal memo.

A practical governance starter checklist

Leaders can use the following checklist to assess whether they have enough governance to proceed with
early AI adoption.

Policy and boundaries

● Do we have an AI acceptable-use policy written in plain English?

● Does it include examples of allowed, controlled, restricted, and prohibited uses?

● Do employees know which tools are approved?

● Are rules clear for confidential, personal, customer, employee, and regulated data?

Visibility and ownership

● Do we have a register of AI tools and use cases?

● Does every approved use case have a named business owner?

● Do we know where AI is already being used informally?



The AI Pivot — reader PDF 128

● Are vendors and embedded AI features included in our view?

Risk and review

● Do we tier AI use cases by risk?

● Do higher-risk uses receive legal, compliance, privacy, security, and data review as appropriate?

● Do we define human oversight for each significant use case?

● Do we have a route for exceptions and incident reporting?

Operation and learning

● Do we review AI use cases regularly after launch?

● Do we track value, quality, incidents, user feedback, and changes in risk?

● Do managers know how to supervise AI-assisted work?

● Do we update policy and training based on what we learn?

A business does not need perfect answers before taking any action. It does need honest answers before
scaling.

Governance as a trust-builder

The word governance can sound defensive, but its most important function is trust.

Employees trust AI adoption more when they know the organisation has boundaries and will not judge
them unfairly for learning. Customers trust AI-enabled services more when the business is transparent,
accurate, responsive, and accountable. Boards trust management more when they can see value and risk
together. Regulators and partners are more likely to trust organisations that can explain what they are
doing and show evidence of control.

Trust is not created by claiming that AI is safe. Trust is created by showing how safety, accountability, and
improvement are managed.

This is especially important because AI systems can fail in ways that are not obvious at first. They can
sound confident and be wrong. They can work well for common cases and poorly for edge cases. They can
perform differently across groups. They can generate outputs that are acceptable internally but
inappropriate externally. They can make employees faster while quietly reducing review quality.
Governance helps the organisation notice these patterns before they become serious harm.

Good governance also gives permission. When boundaries are unclear, cautious employees avoid useful
tools and confident employees take unmanaged risks. When boundaries are clear, the organisation can
move faster because people know where they have freedom and where they need review.

The leader’s role

Leaders set the tone for governance. If they treat governance as bureaucracy, employees will too. If they
treat it as a practical part of responsible performance, it becomes part of the operating model.

Leaders should communicate four messages consistently.

First, AI adoption is a business decision, not a technology fashion. The organisation will use AI where it
supports clear outcomes.

Second, speed matters, but unmanaged speed is not success. The goal is useful learning under control.
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Third, accountability stays with people. AI can support work, but it does not remove responsibility from
leaders, managers, professionals, or the organisation.

Fourth, governance will evolve. The first policy will not be perfect. The first review process will need
adjustment. The business will learn from pilots, incidents, employee feedback, vendor changes, and
external developments.

This message is more credible than pretending the organisation has all answers from the beginning.

Questions for leaders

Use these questions with the executive team, governance group, or board:

● 1. What AI uses are already happening in our organisation, formally and informally?

● 2. Which AI uses would create the greatest customer, employee, legal, regulatory, security, or
reputational risk?

● 3. Do we have a plain-English acceptable-use policy that employees understand?

● 4. Who can approve AI tools, pilots, data use, customer-facing applications, and high-risk decisions?

● 5. Does every active AI use case have a named business owner?

● 6. How do we define meaningful human oversight in each workflow?

● 7. How do we know whether AI outputs are accurate enough for the intended use?

● 8. What data are we allowing into AI systems, and under what terms?

● 9. How are incidents, near misses, and policy exceptions reported?

● 10. What does the board or senior leadership need to see regularly to govern AI responsibly?

If these questions feel uncomfortable, that is useful. Governance begins by making invisible assumptions
visible.

Reader action: assess governance maturity

Use the Governance Maturity Ladder to place your organisation at its current level. Then choose the next
realistic step: acceptable-use rules, a use-case register, risk tiers, named owners, review cadence, incident
process, or portfolio governance. The goal is not bureaucracy; it is a decision system that lets useful AI
move safely.

Summary: governance makes progress possible

AI governance is not a box to tick after the exciting work is done. It is the system that allows the exciting
work to happen responsibly. It turns scattered experimentation into controlled learning. It turns policy into
behaviour. It turns risk awareness into decision-making. It turns leadership concern into practical oversight.

The starting point is simple: know what AI is being used for, define what is allowed, assign ownership, tier
risk, protect data, design human oversight, review vendors, monitor after launch, and learn from
experience.

A business at the beginning of its AI journey does not need the governance machinery of a global bank or
regulated technology platform. It does need enough discipline to prevent avoidable harm and enough
clarity to support useful adoption. As use cases become more important, governance must mature from
informal rules to portfolio oversight and eventually to embedded trust.
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The next chapter builds on this foundation by looking more closely at security, privacy, and regulation.
Governance defines who decides and how control works. Security, privacy, and regulation define some of
the most important risks those decisions must address.
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Chapter 18 — Security, Privacy, and Regulation:
What Leaders Must Understand
The leadership team has approved a sensible AI governance model. There is an acceptable-use policy. A
register is being built. Higher-risk ideas will be reviewed before they become pilots. The tone is right: move
with discipline, not fear.[1][3][4]

Then the practical questions begin.

Can employees paste customer emails into an AI tool if the tool is approved? Can the sales team use AI to
summarise calls? Can HR use AI to search employee records? Can customer service use a chatbot that
learns from previous conversations? Can a vendor use the company’s data to improve its model? What
happens if an AI assistant gives a customer the wrong answer? What if a prompt contains confidential
information? What if the tool is hosted in another country? What if a new regulation changes the rules after
a pilot has already started?[9][10][11][12][2][17]

These questions are not theoretical. They are the point at which AI moves from excitement to
responsibility.

Security, privacy, and regulation are often discussed as barriers to AI adoption. That is the wrong framing.
They are not barriers to progress; they are conditions for trustworthy progress. A business that ignores
them may move quickly for a few months, but it is building on weak foundations. A business that
understands them can move more confidently because it knows where caution is required, where specialist
review is needed, and where low-risk experimentation remains possible.[6][7][8][9][10][11]

This chapter is not a legal manual or a cybersecurity textbook. Leaders do not need to become privacy
lawyers or security engineers. They do need to understand the risk pathways AI creates, the questions
they must ask, and the controls that should be in place before AI touches sensitive data, important
decisions, customers, employees, or regulated activity.[6][7][8][9][10][11]

The chapter introduces an AI Risk Register: a practical tool for making security, privacy, regulatory,
operational, and reputational risks visible before they become incidents. The goal is not to make AI feel
dangerous in every context. The goal is to help leaders separate manageable experimentation from
unacceptable exposure.[6][7][8][9][10][11]

Why AI changes the risk conversation

Every business already has security, privacy, and compliance responsibilities. AI does not invent those
responsibilities from nothing. It changes their shape.[6][7][8][9][10][11]
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AI Risk Register Control Map
AI risk management links use case, risk description, data, people affected, controls, o…

review cadence, and escalation route.

Use case

Evidence required

Risk description

Evidence required

Data

Evidence required

People affected

Evidence required

Controls

Evidence required

Owner

Evidence required

Review

Evidence required

Escalation

Evidence required

Figure 18.1

Traditional business systems usually operate within known boundaries. A finance system stores financial
records. A customer relationship management system stores customer information. An HR platform stores
employee data. A reporting tool displays approved metrics. These systems can still create risk, but their
purposes, data flows, user permissions, and outputs are usually easier to define.[14][15]

AI systems can be more fluid. They may accept open-ended prompts. They may generate new text,
recommendations, summaries, code, images, classifications, or actions. They may be embedded inside
existing software. They may connect to company documents, emails, databases, calendars, service
tickets, or collaboration tools. They may produce outputs that influence decisions even when no formal
decision has been automated. They may change through vendor updates, model upgrades, new training
data, or different user behaviour.[2][17][18][21][22][23]

That flexibility is what makes AI useful. It is also what makes risk harder to see.

A leader should pay attention to five AI risk pathways.

First, data can move into places the business did not intend. Employees may enter confidential,
personal, customer, employee, financial, legal, or strategic information into tools without understanding
how that data is stored, processed, retained, reviewed, or reused.[6][7][8][9][10][11]

Second, outputs can appear more reliable than they are. AI-generated summaries, answers,
recommendations, or classifications may be fluent and confident while still being incomplete, outdated,
biased, or wrong.

Third, AI can influence decisions without being officially responsible for them. A manager may say a
human made the final decision, but if the AI system shaped the shortlist, risk score, recommendation, or
explanation, it still influenced the outcome.

Fourth, vendors can become part of the operating model. Many organisations will not build AI systems
from scratch. They will use AI features inside vendor platforms. That means data terms, security controls,
audit rights, subcontractors, model updates, service resilience, and exit options become business
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issues.[9][10][11][12][1][3]

Fifth, regulation and expectations are moving. Rules differ by jurisdiction, sector, data type, user group,
and use case. A low-risk internal drafting tool is not the same as an AI system used in employment,
finance, healthcare, insurance, education, legal services, public services, safety-critical operations, or
customer-facing advice.[14][15]

The management conclusion is simple: AI risk is not one risk. It is a bundle of data, security, privacy, legal,
operational, ethical, workforce, vendor, and reputational risks that must be assessed in
context.[6][7][8][9][10][11]

Security: protecting systems, data, and trust

Cybersecurity is often where AI concern becomes most concrete. Leaders understand that a data breach,
system compromise, or uncontrolled access to sensitive information can damage customers, employees,
operations, finances, and reputation. AI adds new security questions without removing the old
ones.[9][10][11][12][14][15]

The first security issue is data exposure through use. Employees may use AI tools to summarise
documents, draft responses, write code, analyse spreadsheets, or answer questions. If they enter
confidential material into an unapproved system, the organisation may lose control of that information. The
risk depends on the tool’s terms, configuration, retention settings, access controls, logging, and whether
the data may be used for model improvement or reviewed by third parties. Leaders should not assume that
every AI tool treats data the same way.[6][7][8][9][10][11]

The second issue is identity and access. AI assistants can become powerful because they connect to
many sources. A knowledge assistant that can search company documents may be useful, but it must
respect permissions. Employees should not receive answers based on documents they are not authorised
to see. If an AI tool summarises information from across the business without proper access controls, it can
turn a permissions problem into a confidentiality problem.[9][10][11][12][1][3]

The third issue is prompt and output manipulation. AI systems that accept open-ended instructions can
be vulnerable to users attempting to bypass rules, extract information, manipulate outputs, or induce
unsafe behaviour. The technical details vary by system, and specialist security review is required for
material deployments. The leadership point is that AI interfaces are not ordinary forms. They can be
influenced by natural language, context, connected documents, and tool integrations.[9][10][11][12][2][17]

The fourth issue is insecure automation. AI systems may be connected to workflows that send emails,
update records, trigger approvals, create tickets, generate code, or call other software tools. The more an
AI system can do, the more important it becomes to restrict permissions, log activity, test behaviour, and
require human approval for consequential actions.[1][3][4]

The fifth issue is AI-assisted threats. Attackers may use AI to draft more convincing phishing messages,
automate reconnaissance, generate malicious code variants, or imitate trusted communication styles. The
exact level of threat will keep changing, so this book avoids fixed predictions. The durable lesson is that
security awareness, verification habits, access controls, monitoring, and incident response become more
important as synthetic content becomes easier to produce.[9][10][11][12][1][3]

For leaders, AI security starts with practical questions:

● Which AI tools are approved, and for what uses?

● What data may employees enter into each tool?

● Is confidential, personal, customer, employee, financial, legal, or regulated data allowed?

● Where is data processed, stored, retained, and logged?
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● Can vendor staff, subcontractors, or third parties access prompts, files, or outputs?

● Can customer or company data be used to train or improve external models?

● Does the AI system respect existing user permissions?

● What actions can the system take, and who approves them?

● How are AI-related incidents reported and investigated?

Security is not solved by telling employees to “be careful.” It is solved by approved tools, clear data rules,
access control, monitoring, vendor review, training, and incident response.

Privacy: respecting people, purpose, and permission

Privacy risk becomes serious when AI interacts with personal data. Personal data may include customer
records, employee information, candidate details, call transcripts, emails, service history, location data,
health information, financial information, behavioural data, images, voice recordings, or any information
that can identify or relate to a person. The exact legal meaning depends on jurisdiction and context, so
specialist review is essential.[6]

AI raises privacy concerns because it can make personal data easier to collect, combine, infer, analyse,
summarise, and act upon. A company may have data scattered across systems that were never designed
to be analysed together. An AI assistant can make that combination feel effortless. But easy combination
does not automatically make the use appropriate, lawful, fair, or expected by the people affected.

Leaders should understand four privacy questions.

First, what is the purpose? Personal data should not be used with AI simply because it is available. The
organisation should define why the data is needed, what outcome is intended, and whether the use is
proportionate. “We might learn something useful” is a weak purpose when sensitive information is involved.

Second, what is the basis for use? Different privacy regimes use different legal concepts, but the
business principle is stable: the organisation should know why it is allowed to use the data in this way.
Existing permission for one purpose may not automatically cover a new AI use. For example, data
collected to provide customer support may not automatically justify unrelated profiling or model training.

Third, who is affected? AI privacy risk is not only about data fields. It is about people. Customers may be
affected by recommendations, service responses, pricing, fraud flags, or eligibility decisions. Employees
may be affected by monitoring, performance analysis, scheduling, training recommendations, or promotion
support. Candidates may be affected by screening tools. The higher the impact on people, the more careful
the review must be.

Fourth, what can be inferred? AI systems may identify patterns or produce inferences that were not
explicitly collected. A model may infer interests, behaviours, risk levels, sentiment, performance, likelihood
to churn, or likelihood to buy. These inferences can be useful, but they can also be intrusive, unfair, or
inaccurate.

Privacy management should include data minimisation, purpose limitation, access controls, retention rules,
transparency, review of high-impact uses, and routes for people to challenge or correct harmful outcomes
where applicable. These terms may sound legal, but their business meaning is straightforward: use only
what you need, for a clear purpose, under appropriate rules, with accountability.

A common privacy mistake is to rely on anonymisation without understanding its limits. Removing names
does not always remove risk, especially if data can be linked back to individuals through context, unique
patterns, or other datasets. For serious use cases, anonymisation, pseudonymisation, aggregation, and
de-identification should be reviewed by qualified specialists rather than treated as a simple checkbox.
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Another mistake is to treat employee data as low risk because employees are inside the organisation. In
practice, employee trust can be damaged quickly if AI is used for monitoring, evaluation, scheduling,
performance analysis, or workforce planning without clarity, fairness, and consultation. HR-related AI uses
deserve careful review because they affect livelihoods, dignity, opportunity, and workplace trust.

Regulation: understand the management issue, then get specialist
advice

AI regulation is developing across jurisdictions and sectors. Privacy law, consumer protection, employment
law, intellectual-property law, financial regulation, healthcare regulation, product safety, discrimination law,
cybersecurity obligations, procurement rules, records management, and sector-specific duties may all be
relevant depending on the use case.

Leaders do not need to memorise every rule. They do need to avoid two extremes.

The first extreme is legal avoidance: “This is too complicated, so we should do nothing.” That approach
leaves the organisation exposed to shadow AI and missed opportunities.

The second extreme is legal overconfidence: “The vendor says it is compliant, so we are covered.”
Compliance does not live inside a tool by itself. It depends on the use case, data, configuration, jurisdiction,
users, affected people, governance, contracts, monitoring, and organisational behaviour.

A safer management principle is this: classify AI uses by impact, then apply proportionate review.

Low-risk internal uses, such as drafting a meeting agenda from non-confidential information or
brainstorming internal ideas, may need only approved tools and basic guidance. Moderate-risk uses, such
as internal knowledge retrieval, sales proposal support, finance analysis, or service ticket triage, require
stronger controls around data, accuracy, ownership, and human review. Higher-risk uses, such as AI
influencing employment decisions, credit, insurance, healthcare, legal advice, safety, access to essential
services, regulated financial activity, or decisions affecting rights and opportunities, require formal
specialist review before use.

This book uses deliberately general wording because legal requirements change and vary by location.
Before implementation, references to specific laws, regulatory regimes, obligations, timelines, or rights
should be checked against current primary sources and reviewed by qualified professionals.

Even without legal detail, leaders can ask better regulatory questions:

● Does this AI use affect customers, employees, candidates, vulnerable groups, or regulated decisions?

● Does it process personal, sensitive, confidential, or third-party data?

● Does it create or influence decisions that people may reasonably expect to be explained, challenged, or
reviewed?

● Does the organisation need to disclose that AI is being used?

● Are there sector rules or professional standards that apply?

● Are records, audit trails, or impact assessments required?

● Are cross-border data transfers, vendor locations, or subcontractors relevant?

● Who has reviewed the use case from legal, privacy, compliance, and risk perspectives?

Regulation should not be treated as a late-stage sign-off after the business has already bought the tool,
designed the workflow, and promised the outcome. It should be part of use-case selection, vendor
evaluation, pilot design, and scaling decisions.
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Regulatory areas leaders should recognise

Leaders do not need to become lawyers, but they should recognise the main regulatory areas that can
shape AI decisions:

● Personal data and privacy. In the UK and Europe, GDPR-style obligations can affect how personal
data is collected, used, explained, retained, secured, and shared.[6][7] Similar privacy regimes exist or
are emerging in other jurisdictions.

● Automated decision-making. Decisions that significantly affect people, such as employment, credit,
insurance, access to services, or customer treatment, may require particular care, transparency, review
rights, and human oversight.[6][8]

● The EU AI Act and risk-based regulation. The EU AI Act uses a risk-based approach, with stricter
expectations for higher-risk systems.[5] Even organisations outside the EU should watch it because
customers, vendors, and partners may adopt similar assurance expectations.

● Sector regulation. Financial services, healthcare, education, employment, legal services, transport,
public services, and other regulated sectors may have additional rules or supervisory expectations.

● Cross-border and vendor obligations. AI systems often involve cloud services, third-party models,
subcontractors, and data flows across borders. Contract, audit, security, and exit terms therefore matter.

The practical leadership point is not to memorise every rule. It is to know when a use case needs specialist
review before design choices become commitments.

The AI Risk Register

The AI Risk Register is a practical tool for making risk visible. It does not replace legal advice, privacy
assessment, security testing, or enterprise risk management. It helps leaders and teams have the right
conversation early.

For each AI use case, record the following fields:

● 1. Use case name: What is the AI system or workflow called?

● 2. Business owner: Who is accountable for the outcome?

● 3. Purpose: What business problem is it intended to solve?

● 4. Risk description: What could go wrong, who could be affected, and why does the risk matter?

● 5. Users: Who will use it — employees, managers, customers, suppliers, partners, or others?

● 6. Affected stakeholders: Who could be affected by the output or decision?

● 7. Data involved: What data will be entered, retrieved, generated, stored, or processed?

● 8. Data sensitivity: Is the data public, internal, confidential, personal, sensitive, regulated, or
commercially critical?

● 9. Decision impact: Does the AI inform, recommend, rank, approve, reject, trigger, or automate
anything meaningful?

● 10. Risk categories: Which risks apply — security, privacy, bias, accuracy, legal/regulatory,
operational, reputational, customer harm, employee impact, vendor dependency, intellectual property,
resilience?

● 11. Likelihood: How likely is the risk to occur?

● 12. Severity: How serious would the impact be if it occurred?
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● 13. Controls: What mitigations are in place?

● 14. Human oversight: Who reviews outputs, when, and with what authority?

● 15. Evidence: What testing, documentation, vendor information, or specialist review supports the
assessment?

● 16. Owner for mitigation: Who is responsible for reducing the risk?

● 17. Review date: When will the risk be reassessed?

● 18. Status: Proposed, approved for pilot, live, paused, retired, or under review.

The value of the register is not the spreadsheet itself. The value is the discipline of asking: What could go
wrong? Who could be harmed? What controls are needed? Who owns the risk? When will we check
again?

A good AI Risk Register should be proportionate. A low-risk internal drafting use does not need the same
level of analysis as an AI system influencing employment or customer eligibility. But every meaningful use
should be visible. Invisible AI risk is unmanaged AI risk.

Applying the register: three examples

Consider three possible AI use cases.

Example 1: Internal meeting-summary assistant

A company wants to use an approved AI assistant to summarise internal meetings and produce action
lists. The value is simple: reduce administration and improve follow-through. The risks may be
manageable, but they are not zero.

The register should ask what meetings may be summarised. General project meetings may be acceptable.
Meetings involving legal advice, sensitive employee matters, confidential strategy, customer personal data,
mergers, disputes, or regulated topics may require restrictions. The tool’s recording, transcription,
retention, access, and data-use terms matter. Employees may need to know when AI transcription is used.
The output should be treated as a draft, not an official record unless reviewed.

This is not a reason to avoid the tool. It is a reason to define boundaries.

Example 2: Customer-service chatbot

A customer-service team wants to introduce a chatbot to answer common queries. The value could include
faster response, reduced routine workload, and improved availability. The risks depend on what the
chatbot can answer, what data it can access, and what happens when it is wrong.

If the chatbot only answers basic questions from approved public content, the risk may be moderate. If it
accesses customer accounts, handles complaints, recommends products, discusses refunds, or responds
to vulnerable customers, the risk increases. The business must consider accuracy, escalation to humans,
disclosure, logging, monitoring, complaint handling, accessibility, data protection, and customer
experience.

The most important question is not “Does the chatbot work?” It is “What happens when it does not?”

Example 3: AI-assisted candidate screening

An HR team wants to use AI to help screen job applications. The promise is efficiency. The risk is high
because the use case may affect opportunity, fairness, discrimination exposure, candidate trust, and
employment-law obligations. Even if a human makes the final decision, an AI tool that ranks, filters, scores,
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or summarises candidates can shape outcomes.

This use should receive formal review. Leaders should ask what data is used, how the tool has been
tested, whether it may disadvantage protected or vulnerable groups, whether candidates are informed, how
decisions are documented, how humans review outputs, how errors can be challenged, and whether the
use is appropriate in the relevant jurisdiction. Vendor assurances are not enough.

The lesson from these examples is that risk depends on context. The same AI capability — summarising
text, classifying information, ranking options — can be low, moderate, or high risk depending on where it is
used and who is affected.

Vendor and third-party risk

Many AI risks enter through vendors. A business may buy a standalone AI tool, enable an AI feature inside
existing software, use an external platform to build an internal assistant, or rely on a supplier whose own
services use AI. In each case, the vendor relationship becomes part of the risk picture.

Vendor review should include:

● what data the vendor receives;

● whether data is used to train or improve models;

● where data is processed and stored;

● retention and deletion terms;

● access by vendor staff or subcontractors;

● security certifications and controls;

● incident notification obligations;

● model update practices;

● accuracy, testing, and limitation documentation;

● audit rights and reporting;

● service levels and resilience;

● pricing transparency;

● lock-in risk and exit options.

A common mistake is to review the vendor once and then forget the relationship. AI tools can change
quickly. Features are added. Models are updated. Terms may change. Integrations expand. The risk
register should therefore include review dates and triggers: new data types, new user groups, new
jurisdictions, new automated actions, new customer impact, or material vendor changes.

Procurement, IT, security, data protection, legal, and the business owner should be connected before a
material AI vendor is approved. This may feel slower at first, but it prevents expensive rework later.

Accuracy, bias, and explainability as risk issues

Security and privacy are not the only risks leaders must understand. AI systems can also create harm
through inaccurate outputs, biased patterns, poor explanations, and overconfidence.

Accuracy is context-specific. An AI-generated draft of an internal brainstorming note does not need the
same reliability as a fraud alert, legal summary, medical triage tool, financial forecast, engineering
recommendation, or customer refund decision. The required accuracy depends on the consequence of
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error.

Bias is also context-specific. AI systems may reproduce patterns found in historical data, design choices,
user behaviour, or deployment context. A model used to recommend training content may raise different
issues from a model used to influence hiring, promotion, lending, pricing, insurance, or public services.
Leaders should avoid the simplistic claim that AI is either objective or inherently unfair. The right question
is: how has this system been tested for the people and decisions it affects?

Explainability matters when people need to understand, challenge, review, audit, or trust an output. Not
every AI-supported task needs a technical explanation of model internals. But significant decisions need
enough explanation for accountable humans to review the basis of the recommendation, identify errors,
and justify the final decision. “The AI said so” is not an explanation.

These issues belong in the AI Risk Register because they affect real business outcomes: customer trust,
employee fairness, regulatory exposure, operational quality, and leadership accountability.

Incident response: assume something will go wrong

A mature organisation does not build its AI programme on the hope that nothing fails. It assumes that
incidents, near misses, and unexpected behaviours will occur, then prepares to detect and respond.

An AI incident might include:

● sensitive data entered into an unapproved tool;

● incorrect AI output sent to a customer;

● a chatbot giving misleading guidance;

● an AI-generated document containing false claims;

● a system exposing information to the wrong users;

● biased or unfair recommendations;

● an AI feature behaving differently after a vendor update;

● employees using AI outside policy because the approved route is unclear;

● a supplier using AI in a way the business did not know about.

The incident process should answer five questions.

First, how can employees and customers report issues? Reporting should be easy and non-punitive for
honest mistakes. Hidden incidents are more dangerous than visible ones.

Second, who triages the incident? The right response may require IT, security, legal, privacy, compliance,
HR, communications, operations, the business owner, or vendor support.

Third, what immediate containment is needed? The business may need to disable a feature, revoke
access, notify a vendor, preserve logs, correct customer communication, or pause a workflow.

Fourth, what obligations or notifications apply? This depends on jurisdiction, contract, sector, data type,
and severity, so specialist advice is required.

Fifth, what learning will be captured? Incidents should improve policy, training, controls, vendor review, and
workflow design.

Incident response is not a sign of failure. It is a sign that the organisation is treating AI as an operating
capability, not a toy.
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Common mistakes

Mistake 1: Assuming approved tools are approved for every use

A tool may be safe for one purpose and unsafe for another. An AI assistant approved for drafting internal
notes may not be approved for customer data, employee records, legal advice, regulated decisions, or
confidential strategy. Approval must be tied to use.

Mistake 2: Treating privacy as a legal box rather than a trust issue

Privacy is not only about avoiding penalties. It is about whether customers, employees, and partners
believe the organisation handles information with care. AI uses that feel intrusive, opaque, or unfair can
damage trust even if the technical legal position is complex.

Mistake 3: Reviewing vendors only at purchase

AI vendor risk continues after procurement. Terms change, models change, integrations expand, and
usage grows. Vendor review needs a lifecycle, not a one-time questionnaire.

Mistake 4: Believing human review solves everything

Human review only works when reviewers have time, skill, authority, evidence, and accountability. If the AI
system produces high volumes of output and humans rubber-stamp it under pressure, oversight becomes
fiction.

Mistake 5: Ignoring low-level shadow AI

Some of the biggest early risks come from ordinary employees trying to be productive. They may paste
documents into public tools, generate customer emails, summarise confidential meetings, or use AI for
analysis without understanding the limits. Training and approved alternatives are more effective than vague
warnings.

Mistake 6: Waiting for regulation to become perfectly clear

Regulation will continue to evolve. Waiting for perfect clarity is not a realistic strategy. The better approach
is to build flexible governance: risk tiering, documentation, review, human oversight, vendor management,
monitoring, and the ability to adapt.

Questions for leaders

Use these questions with the executive team, governance group, security team, privacy lead, legal
advisers, and business owners:

● 1. Which AI uses currently involve confidential, personal, employee, customer, regulated, or
commercially sensitive data?

● 2. Do employees know what data they may and may not enter into AI tools?

● 3. Do approved AI tools respect existing access permissions?

● 4. Can any AI system take action, send communication, update records, or trigger workflow steps
without human approval?

● 5. Which AI use cases could affect rights, opportunities, eligibility, pricing, employment, service access,
safety, or regulated decisions?

● 6. What specialist review is required for higher-risk uses?
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● 7. Do vendor contracts address data use, retention, model training, security, subcontractors, incident
notification, audit rights, and exit?

● 8. How will we test accuracy, bias, robustness, and user behaviour before launch?

● 9. How will customers, employees, or other stakeholders know when AI is being used where disclosure
is appropriate or required?

● 10. How will incidents, near misses, complaints, and model changes be reported and reviewed?

These questions are not designed to stop progress. They are designed to prevent blind progress.

Reader action: start an AI Risk Register

Choose one AI use case and write its risk description, data involved, affected stakeholders, likelihood,
severity, mitigation, human oversight, owner, review date, and current status. If the register exposes
unknowns, assign owners for those unknowns before the use case moves forward.

Summary: risk clarity enables action

Security, privacy, and regulation are not side issues in AI adoption. They are central to whether AI can be
used responsibly at all. AI creates value by working with information, influencing workflows, supporting
decisions, and sometimes interacting with customers or employees. Those same features create risk when
data moves without control, outputs are trusted without review, vendors are accepted without scrutiny, or
rules are considered only after deployment.

Leaders do not need to know every technical or legal detail. They do need to establish the conditions under
which the right experts are involved at the right time. They need clear data rules, approved tools, access
controls, risk tiering, vendor review, meaningful human oversight, incident response, and a living AI Risk
Register.

The practical message is this: do not treat every AI use as dangerous, and do not treat every AI use as
harmless. Treat each use case according to its data, decision impact, affected stakeholders, vendor
dependency, and regulatory context.

Part III has now built the foundation for responsible AI adoption: data readiness, process redesign, people
and culture, governance, and security/privacy/regulatory awareness. The next part turns readiness into
implementation. Once the business understands where it can act and what controls are needed, the next
question becomes: which use cases should it choose first?
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Part IV — Implementation
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Chapter 19 — Choosing Use Cases: From Ideas to
Priorities
The business is finally ready to move from preparation to action.

The leadership team has agreed that AI is not a side experiment. The data issues are better understood.
The most important processes have been mapped. Employees have been told that adoption will be
governed rather than chaotic. A risk register exists. Legal, privacy, security, and compliance leaders are no
longer being invited only at the end of the conversation.[6][7][8][9][10][11]

Then the next problem appears: the organisation has too many ideas.

Customer service wants a chatbot. Sales wants AI-assisted prospect research. Marketing wants content
generation. Finance wants automated commentary for monthly reports. Operations wants better demand
forecasting. HR wants a policy assistant. Legal wants contract review support. The IT team wants a
controlled internal knowledge assistant. A board member has seen a competitor announce an AI
programme and wants something visible. A vendor has offered a demonstration that looks impressive.
Employees are already using public tools in small ways.[1][3][4][2][17][18]

At this stage, enthusiasm can become its own risk. A business that has spent time building readiness can
still waste money if it chooses the wrong first use cases. Some ideas are attractive but not valuable. Some
are valuable but too risky for the first wave. Some are feasible technically but lack a committed business
owner. Some depend on data that does not exist or cannot be used safely. Some are politically popular
because a senior leader likes them, but they do not solve an urgent business problem.

The implementation question is not “What could we do with AI?” The list is too long.

The better question is: “Which use cases should we do first, given our business goals, readiness, risk
appetite, data, people, and capacity to execute?”

This chapter introduces the Use-Case Prioritisation Matrix: a practical method for turning a long list of AI
ideas into a small number of sensible priorities. The goal is not to find the most exciting idea. The goal is to
select the use cases most likely to create real value, teach the organisation useful lessons, and remain
within acceptable risk.

Why use-case selection matters

Many AI programmes do not fail because the technology is impossible. They fail because the organisation
starts in the wrong place.
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Use-Case Prioritisation Matrix
Prioritise AI ideas by business value and implementation readiness, while sequencing hi…

ideas deliberately.

High value / Low
readiness

High value / High
readiness

Low value / Low
readiness

Low value / High
readiness

Use the matrix to compare choices, not to replace judgement.

Figure 19.1

A weak first use case creates several problems at once. It absorbs management attention. It consumes
budget. It frustrates employees. It produces poor evidence. It may create risk that could have been
avoided. It can also damage confidence in AI as a whole. After one badly chosen pilot, leaders may
conclude that “AI does not work here” when the real lesson is that the use case was poorly
selected.[14][15]

A strong first use case does the opposite. It solves a visible problem. It has a clear owner. It uses data the
business can access and understand. It fits inside a process that can be redesigned. It has manageable
risk. It can be tested without betting the company. It produces learning even if the pilot is not scaled. It
gives the organisation a better sense of what AI adoption really requires.[13][14]

This is why prioritisation is a leadership discipline, not an administrative step.

Use-case selection determines where the business will spend its first AI energy. That energy is limited.
Even a large organisation cannot responsibly pilot every idea at once. Smaller and medium-sized
businesses have even less room for scattered experimentation. They need to choose carefully because
each pilot competes with other work: process improvement, customer service, compliance, technology
upgrades, training, and day-to-day operations.[15][16][14]

The common mistake is to prioritise by excitement. A tool demonstration looks impressive, so the business
starts there. A competitor announces something, so leaders copy it. A department head speaks loudly, so
their idea moves first. A vendor offers a discount, so procurement accelerates. An employee builds a
prototype, so the organisation treats it as strategy.[14][15][1][3][9][11]

Excitement is not evidence. It may be a useful signal that people care, but it is not enough to justify action.

A better prioritisation process asks five questions:

● 1. Value: If this works, what business outcome improves?

● 2. Feasibility: Can we actually implement it with our current process, technology, skills, and capacity?
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● 3. Data readiness: Do we have the right data, in usable condition, with appropriate rights and controls?

● 4. Risk: What could go wrong, who could be affected, and can we manage that risk?

● 5. Sponsorship: Who owns the outcome and will stay accountable after the pilot excitement
fades?[1][3][4][6][7][14]

A use case that scores well across these questions deserves serious consideration. A use case that fails
one of them may still be valuable later, but it should not be rushed into the first wave.

Start with business problems, not AI capabilities

The worst use-case workshops begin with the question: “How can we use AI?”

That question encourages people to name tools, features, and fashionable capabilities. Chatbots. Agents.
Predictive analytics. Content generation. Knowledge assistants. Voice automation. Image recognition.
Code assistants. Personalisation. These capabilities may be useful, but they are not business
problems.[2][17][18]

A better workshop begins with business friction:

● Where are customers waiting too long?

● Where are employees repeating low-value administrative work?

● Where are decisions delayed because information is hard to find?

● Where do errors occur often enough to matter?

● Where are managers relying on stale reports?

● Where does specialist knowledge become a bottleneck?

● Where do handoffs between teams create cost or frustration?

● Where is demand hard to predict?

● Where are compliance obligations difficult to monitor?

● Where do we lose sales, margin, quality, or trust because work is slow or
inconsistent?[1][3][4][15][16][14]

AI should then be considered as one possible way to improve those problems. Sometimes the answer will
be AI. Sometimes the answer will be a better process, clearer ownership, a simpler form, cleaner data,
better training, or a conventional software integration. This distinction matters. AI should not be used to
decorate a problem that ordinary management has avoided.[21][22][23][14][15]

For example, a customer-service team may say it wants a chatbot. The real problem may be that
customers cannot find accurate answers, agents search through outdated policy documents, and
escalation rules are unclear. A chatbot might help, but only after the business has fixed knowledge
ownership, approved source material, escalation paths, and answer review. The use case is not “install a
chatbot.” It is “reduce avoidable customer wait time and improve answer consistency for a defined set of
routine queries.”[1][3][4][19][2][17]

A finance team may ask for AI-generated monthly commentary. The real problem may be that data
definitions differ across departments, spreadsheets are manually reconciled, and managers do not agree
on which metrics matter. AI can draft commentary, but it cannot make conflicting numbers true. The use
case should be framed around faster, more reliable management insight, with data and control issues
included in scope.[1][3][4]
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A sales team may want AI-generated outreach at scale. The real problem may be poor account
prioritisation, weak customer understanding, and inconsistent preparation before calls. More emails may
make the problem worse. A stronger use case might be AI-assisted account research and call preparation
for a defined segment, with human review and brand controls.[1][3][4]

The practical rule is simple: write use cases in outcome language, not tool language.

Weak: “Use generative AI in marketing.”[2][17][18]

Better: “Reduce the time required to produce first-draft campaign variants for approved product messages
while maintaining brand and compliance review.”

Weak: “Deploy an AI assistant for HR.”[14][15]

Better: “Help employees and managers find approved HR policy answers faster, using current source
documents, with clear escalation for sensitive cases.”[1][3][4][14][15]

Weak: “Automate contract review.”[1][3][9][11]

Better: “Support legal and procurement teams by identifying standard clause deviations in low-risk supplier
contracts, with lawyer review before any decision or negotiation.”[1][3][9][11]

Clear framing protects the business from two dangers: vague ambition and premature automation.

The first filter: should this idea be considered at all?

Before scoring use cases, remove ideas that are not ready for serious consideration. This avoids wasting
time ranking ideas that should be paused.

A use case should usually be paused if:

● no business owner will take accountability for the outcome;

● the problem is not important enough to justify effort;

● the process is so broken that AI would only accelerate confusion;

● required data is unavailable, unusable, or not lawfully accessible;

● the use case involves high-impact decisions without specialist review;

● the vendor or tool terms are not understood;

● the organisation cannot define success;

● employees affected by the change have not been considered;

● the idea exists mainly because a tool demo looked impressive;

● the proposed workflow would remove human judgement where judgement is still required.

Pausing an idea is not the same as rejecting it forever. Some ideas belong in a later wave. A high-value
use case may need data work first. A high-risk use case may need governance maturity first. A
customer-facing use may need an internal pilot first. A technically complex use may need stronger
architecture and vendor evaluation.

This first filter helps leaders avoid the false choice between “do it now” and “never do it.” A disciplined AI
portfolio should include three categories:

● 1. Now: use cases ready for detailed evaluation and possible pilot.

● 2. Next: promising use cases that need preparation.

● 3. Not yet: ideas that are too unclear, risky, immature, or unsupported.
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The value of this categorisation is political as well as practical. It gives departments a fair hearing without
allowing every idea to become an active project. It also helps leaders explain why some attractive ideas are
being delayed: not because the organisation lacks ambition, but because sequencing matters.

The Use-Case Prioritisation Matrix

The Use-Case Prioritisation Matrix turns candidate ideas into comparable decisions. It is not a perfect
scientific instrument. It is a structured conversation. Its purpose is to force leaders to consider value,
feasibility, data, risk, impact, and ownership together.

For each candidate use case, score the following criteria from 1 to 5.

1. Business value

How meaningful is the expected benefit if the use case works?

A score of 1 means the benefit is minor, vague, or mostly cosmetic. A score of 5 means the use case
addresses a material business outcome: cost, revenue, quality, speed, customer experience, risk
reduction, resilience, employee productivity, or strategic learning.

Leaders should be careful with value claims. “It will save time” is not enough. What will the saved time
become? Lower cost? Higher output? Faster service? Better quality? More customer contact? Less
overtime? Better control? If the answer is unclear, the value score should be lower.

2. Feasibility

Can the organisation realistically implement this use case with available technology, process maturity,
skills, budget, and management attention?

A score of 1 means the idea requires capabilities the organisation does not currently have. A score of 5
means the use case fits existing systems, workflows, skills, and capacity, or can be implemented with
manageable change.

Feasibility is not only technical. A tool may be available, but the business may lack process ownership,
user training, integration capacity, or change-management bandwidth. Leaders should not let technical
possibility hide organisational difficulty.

3. Data readiness

Does the use case have access to data or knowledge sources that are accurate enough, complete enough,
current enough, appropriately governed, and usable for the intended purpose?

A score of 1 means the data is missing, poor, inaccessible, legally uncertain, or unmanaged. A score of 5
means the data is available, owned, understood, controlled, and suitable for a pilot.

Data readiness should be scored honestly. AI systems often expose data weaknesses rather than solve
them. If the knowledge base is outdated, a knowledge assistant may produce outdated answers. If
customer records are inconsistent, a personalisation use case may misfire. If contract metadata is
incomplete, a legal workflow may require more manual correction than expected.

4. Time to impact

How quickly could the use case produce useful evidence?

A score of 1 means the use case may take a long time before any measurable learning appears. A score of
5 means the organisation can test it in a defined workflow and learn within a reasonable pilot period.
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This criterion matters because early AI programmes need momentum and evidence. The first wave should
not be dominated by complex, multi-year transformations. Some longer-term use cases may be
strategically important, but the organisation also needs nearer-term learning.

5. Strategic importance

Does the use case connect to a priority that matters beyond local efficiency?

A score of 1 means the use case is isolated or peripheral. A score of 5 means it supports a strategic
priority: customer retention, service differentiation, operational resilience, margin protection, regulatory
strength, growth, product innovation, or capability building.

Strategic importance prevents the organisation from filling the AI portfolio with small conveniences. Small
conveniences can be useful, but they should not crowd out the few use cases that teach the business how
AI can change performance.

6. Customer impact

Could the use case improve or harm customers?

This criterion should be scored in two ways: positive impact and risk exposure. A use case that
meaningfully improves customer experience may deserve attention, but customer-facing AI also requires
more care. For simple scoring, give a higher score when the use case has clear customer benefit and
manageable customer risk. Give a lower score when the customer benefit is weak or the potential for
customer harm is high.

For example, an internal assistant that helps agents find accurate answers may score well because it
improves customer outcomes while keeping a human in the loop. A fully automated chatbot for complex
complaints may score lower if the business cannot yet control accuracy, escalation, and tone.

7. Workforce impact

How manageable is the effect on employees, roles, skills, workload, and trust?

A score of 1 means the use case is likely to create serious resistance, role confusion, monitoring concerns,
or capability gaps. A score of 5 means the affected workforce can be trained, involved, and supported, and
the change is likely to improve rather than simply intensify work.

This does not mean avoiding all use cases that change work. AI adoption will change work. The question is
whether the organisation is prepared to manage that change responsibly.

8. Risk level, reverse scored

How much risk does the use case create across security, privacy, legal, regulatory, bias, accuracy,
operational resilience, reputation, vendor dependency, and affected stakeholders?

Because this criterion is reverse scored, a low-risk use case receives a higher score. A score of 5 means
the risk is low and manageable with standard controls. A score of 1 means the use case is high risk and
should not proceed without formal review, stronger controls, and senior approval.

This criterion stops the organisation from treating all value as equal. A high-value use case in employment
screening, credit decisions, healthcare support, safety-critical operations, legal advice, or regulated
financial activity may require a slower path than a lower-risk internal knowledge assistant.

9. Sponsorship and ownership

Who owns the outcome, not just the tool?
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A score of 1 means no accountable business owner exists, or ownership is vague. A score of 5 means a
credible sponsor and process owner are committed, available, and able to make decisions.

This criterion deserves its own score even if it overlaps with feasibility. AI projects often fail in the gap
between technology ownership and business ownership. IT may own the platform, but the business must
own the process, outcome, adoption, controls, and decision to scale or stop.

How to use the matrix

Create a table with each candidate use case as a row and each criterion as a column. Score each criterion
from 1 to 5. Add notes explaining the score. Do not allow the scoring session to become a silent
spreadsheet exercise. The notes matter because they reveal assumptions.

A simple table might include:

| Use case | Value | Feasibility | Data | Time to impact | Strategic importance | Customer impact | Workforce
impact | Risk score | Sponsorship | Total | Decision | |---|---:|---:|---:|---:|---:|---:|---:|---:|---:|---:|---| | Agent
knowledge assistant for top 50 service queries | 4 | 4 | 3 | 4 | 4 | 4 | 4 | 4 | 5 | 36 | Candidate pilot | |
AI-generated marketing content at scale | 3 | 4 | 3 | 4 | 3 | 2 | 3 | 3 | 4 | 29 | Narrow scope first | | AI-assisted
candidate screening | 3 | 3 | 2 | 2 | 3 | 2 | 2 | 1 | 3 | 21 | Not first wave | | Finance commentary draft for
internal reports | 4 | 3 | 3 | 4 | 4 | 3 | 4 | 4 | 4 | 33 | Candidate pilot after controls |

The numbers are not the decision by themselves. They are the beginning of the decision.

A high total score suggests a use case worth exploring. A low total score suggests delay or rejection. But
leaders should also look for red flags. A use case with a high total but a very low risk score may still need
to be paused. A use case with strong value but weak data readiness may belong in the “next” category
while data work proceeds. A use case with high feasibility but low strategic importance may be useful for
learning, but should not dominate leadership attention.

For early implementation, a good portfolio usually includes:

● one or two low-to-moderate risk use cases with clear productivity or quality benefits;

● one use case that improves customer or employee experience without removing human accountability;

● one use case that builds reusable capability, such as knowledge management, data improvement, or
governance discipline;

● no high-impact automated decision use cases unless the organisation has the maturity and specialist
review to manage them.

This approach gives the business practical learning without reckless exposure.

The difference between quick wins and shallow wins

Leaders often ask for quick wins. That is understandable. Early evidence helps maintain confidence,
secure budget, and persuade sceptics. But there is a difference between a quick win and a shallow win.

A quick win is a use case that produces meaningful learning or value in a short period. It may reduce a real
bottleneck, improve answer quality, speed up a recurring workflow, or demonstrate a reusable pattern. It is
small enough to pilot safely but important enough to matter.

A shallow win is a use case that looks good in a presentation but changes little. It may generate content
nobody needed, automate a task that was not a bottleneck, or produce a demo that cannot survive real
data, real users, real controls, and real exceptions.

The first wave of AI implementation should aim for quick wins, not shallow wins.
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Good early use cases often have four characteristics.

First, they support humans rather than replacing judgement. AI drafts, searches, summarises, classifies,
compares, or recommends, while accountable people review and decide.

Second, they operate within a bounded process. The business knows where the workflow starts and ends,
who uses the output, and what happens if the output is wrong.

Third, they use controlled information. The data or documents are approved, current enough, and
accessible under clear rules.

Fourth, they produce measurable evidence. The business can compare before and after: time, quality,
error rate, cycle time, customer satisfaction, employee workload, escalation volume, compliance review
effort, or decision speed.

Examples might include:

● a customer-service agent assistant using approved knowledge articles for a defined set of common
questions;

● an internal policy assistant for managers, with escalation for sensitive HR issues;

● AI-supported sales call preparation for a specific customer segment;

● finance report commentary drafts using controlled management data and human review;

● procurement contract comparison for low-risk standard agreements;

● operations exception summaries that help planners identify issues faster;

● IT ticket triage that suggests categories and next steps without closing tickets automatically.

These use cases are not glamorous in the abstract. That is often why they work. They are close to real
work, measurable, and easier to govern.

Risk-based sequencing

Not every use case should move at the same speed. The organisation should sequence AI adoption
according to risk and readiness.

A practical sequence looks like this:

Level 1: Low-risk internal productivity support

These use cases involve internal drafting, summarisation, research support, meeting notes, document
comparison, or knowledge retrieval using non-sensitive or controlled information. They require approved
tools, user training, data rules, and review, but they usually do not affect customers, rights, regulated
decisions, or safety directly.

These are often good places to build AI literacy and usage discipline.

Level 2: Human-in-the-loop operational support

These use cases support employees in live processes: customer-service agents, sales teams, finance
analysts, procurement staff, operations planners, HR advisers, or IT support teams. AI may suggest,
summarise, classify, or recommend, but humans remain responsible for action.

These use cases can create meaningful value, but they require clearer workflow design, quality checks,
escalation rules, and performance measurement.

Level 3: Customer-facing assistance with boundaries
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These use cases interact with customers directly or influence customer communication. They may include
chatbots, recommendation support, personalised messages, status updates, or guided self-service. They
require stronger controls around accuracy, tone, disclosure, escalation, logging, accessibility, and
complaint handling.

The business should be especially careful not to expose customers to unfinished internal experiments.

Level 4: High-impact decision support

These use cases influence employment, lending, insurance, healthcare, legal, safety, pricing fairness,
access to services, regulated activity, or other consequential outcomes. They may still be appropriate in
some organisations, but they require formal governance, specialist review, documentation, testing,
monitoring, human oversight, and executive accountability.

These should rarely be first-wave projects for a business still building AI maturity.

Risk-based sequencing helps leaders avoid a common error: choosing the use case with the biggest
headline value before the organisation has learned how to manage lower-risk AI well.

Who should be in the prioritisation room?

Use-case prioritisation should not be done by one enthusiastic department in isolation. It should bring
together enough perspectives to judge value, feasibility, risk, and adoption.

A typical prioritisation group should include:

● the executive sponsor for AI adoption;

● business owners from the relevant functions;

● IT or technology leadership;

● data owners or data governance representatives;

● security and privacy leads;

● legal, compliance, or risk representatives where relevant;

● finance or commercial leadership for value and cost discipline;

● HR or change leadership for workforce impact;

● frontline representatives who understand the actual workflow.

This may sound like a large group, but not every person needs to attend every conversation. The point is
that use-case selection should not be driven only by desire. It needs operational reality, technical realism,
risk awareness, and financial discipline.

Frontline input is particularly important. Leaders often see processes as they appear in diagrams.
Employees see the exceptions, workarounds, missing fields, outdated documents, customer frustrations,
and informal judgement calls. If a proposed AI use case ignores that reality, it may succeed in a slide deck
and fail in daily work.

Finance also has an important role. The organisation should avoid both reckless optimism and premature
cynicism. Finance should help define the value hypothesis, cost categories, measurement approach, and
decision thresholds. But finance should also recognise that early pilots may create learning value that is
not immediately captured as cash savings.

Risk, legal, privacy, and security teams should not be positioned as blockers. They should help the
organisation distinguish between low-risk experimentation, controlled pilots, and high-risk uses requiring
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formal review. When they are included early, they can shape a safer path rather than reject a finished
proposal.

From ranked list to pilot candidates

At the end of prioritisation, the business should not have twenty active AI projects. It should have a short
list.

For many organisations, the first wave should include two to four candidate pilots. Fewer than that may not
produce enough learning across functions. More than that may stretch governance, IT support, training,
and management attention too thin. The right number depends on size, capability, risk appetite, and
available resources.

Each candidate pilot should have a one-page use-case brief before it moves into detailed pilot design. The
brief should include:

● use case name;

● business problem;

● intended outcome;

● process owner;

● executive sponsor;

● users;

● affected stakeholders;

● current workflow;

● proposed AI-assisted workflow;

● data and knowledge sources;

● expected benefits;

● key risks;

● required controls;

● dependencies;

● success measures;

● decision needed after the pilot.

This brief prevents the organisation from moving directly from “good idea” to “buy tool.” It also creates a
bridge to the next chapters: sourcing, vendor selection, pilot design, and measurement.

A use case is ready to become a pilot candidate only when leaders can answer six questions:

● 1. What business outcome are we trying to improve?

● 2. Who owns the outcome?

● 3. What data or knowledge will the AI use?

● 4. What are the main risks and controls?

● 5. How will humans review or approve outputs?

● 6. What evidence will tell us whether to stop, adapt, or scale?
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If these questions cannot be answered, the use case is not ready. It may need discovery work, data
improvement, process redesign, governance review, or a narrower scope.

Common prioritisation mistakes

Mistake 1: Choosing the most visible use case

A customer-facing chatbot, public announcement, or flashy internal demo may feel like progress. Visibility
can be useful, but it increases reputational risk if the use case is weak. The first priority should be business
fit, not publicity.

Mistake 2: Letting vendors define the shortlist

Vendors can demonstrate capabilities, but they should not define the organisation’s priorities. Their
incentives are not identical to the business’s needs. Use vendors to inform options, not to substitute for
strategy.

Mistake 3: Scoring value and ignoring cost

AI costs include licences, integration, data preparation, training, governance, security review, change
management, monitoring, support, and possible process disruption. A use case with high theoretical value
may be unattractive if the full cost and effort are ignored.

Mistake 4: Treating all time savings as financial savings

If AI saves employees two hours a week, the value depends on what happens to those hours. Do they
reduce overtime? Increase customer contact? Improve quality? Shorten cycle time? Enable more
analysis? If not, the saving may be real but not financial in the way leaders expect.

Mistake 5: Underestimating adoption difficulty

A technically successful tool can fail if people do not trust it, understand it, or see how it fits their work.
Prioritisation should include workforce impact and manager commitment, not just system capability.

Mistake 6: Starting with high-risk decisions too early

AI use in employment, finance, healthcare, legal advice, insurance, safety, or regulated decisions may be
important, but it requires stronger governance. Starting there before the organisation has basic AI
discipline is usually unwise.

Mistake 7: Keeping weak use cases alive for political reasons

Once a senior leader sponsors an idea, teams may feel unable to challenge it. The matrix helps make
challenge safer. A weak score is not a personal rejection. It is evidence that the idea needs narrowing,
preparation, or delay.

Mistake 8: Ranking once and never revisiting

Use-case priorities should change as data improves, tools mature, regulations develop, risks become
clearer, and the organisation learns from pilots. Prioritisation is not a one-time annual exercise. It is part of
AI portfolio management.

Questions for leaders

Use these questions before approving the first wave of AI pilots:

● 1. Are our candidate use cases written as business outcomes rather than tool ideas?
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● 2. Which use cases have the strongest combination of value, feasibility, data readiness, manageable
risk, and ownership?

● 3. Which ideas are attractive but should be delayed because the data, process, or governance is not
ready?

● 4. Which proposed use cases affect customers, employees, rights, opportunities, regulated decisions, or
sensitive data?

● 5. Are we choosing quick wins that matter, or shallow wins that merely look good?

● 6. Do the first-wave use cases build reusable capability for later adoption?

● 7. Who is accountable for each use case after the pilot begins?

● 8. What will we stop doing if these pilots require management attention and budget?

● 9. How will we explain to departments why some ideas are “now,” some are “next,” and some are “not
yet”?

● 10. What evidence will justify moving from use-case selection to sourcing and pilot design?

These questions help the organisation move from enthusiasm to discipline. They also make clear that
prioritisation is not a barrier to action. It is what makes action credible.

Reader action: score three use cases

Select three candidate AI ideas and score each against the Use-Case Prioritisation Matrix: business value,
feasibility, data readiness, time to impact, strategic importance, customer impact, workforce impact, risk
level, and ownership. Compare the scores with a short discussion, not a mechanical ranking. The best first
use case is the one that combines value, feasibility, manageable risk, and committed ownership.

Summary: choose the right starting line

AI implementation begins with choice. The organisation cannot do every possible use case at once, and it
should not try. The first priorities will shape confidence, learning, governance, investment, and employee
trust. A strong first wave can create momentum. A weak first wave can create confusion and cynicism.

Good use cases balance value, feasibility, data readiness, time to impact, strategic relevance, customer
and workforce impact, risk, and sponsorship. They are framed around business problems, not tool
excitement. They are narrow enough to pilot safely and meaningful enough to teach the organisation
something useful. They respect the foundations built in Part III: data, process, people, governance,
security, privacy, and regulation.

The Use-Case Prioritisation Matrix is not a bureaucratic hurdle. It is a leadership tool. It helps businesses
say yes to the right ideas, not yet to promising ideas that need preparation, and no to ideas that are
unclear, unsafe, or low value.

Once the shortlist is clear, the next decision is how to deliver it. Should the organisation build internally, buy
a tool, or partner with a specialist? That sourcing choice is not only a technology decision. It affects speed,
control, cost, risk, capability, and long-term dependency. That is the subject of the next chapter.
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Chapter 20 — Build, Buy, or Partner: Choosing the
Right Path[1][3]
The use-case shortlist is ready. The leadership team has chosen two or three AI opportunities that appear
valuable, feasible, and manageable. Each has a business owner. Each has a defined outcome. The risks
are understood well enough to begin proper evaluation. The next question sounds simple.

How should we deliver it?

One executive says the business should buy an existing tool and move quickly. Another argues that the
company’s processes are too specific and the solution should be built internally. A third suggests working
with a consultancy, systems integrator, or specialist AI partner. The IT team worries about integration and
security. Finance wants cost certainty. Legal wants to understand data use and contractual exposure. The
business sponsor wants momentum before the organisation loses interest.[9][10][11][12]

This is where many AI projects quietly go off course.

The organisation may choose to buy because a vendor demonstration looks polished, only to discover later
that the tool does not fit the workflow. It may choose to build because leaders want control, only to
underestimate the skills, maintenance, and monitoring required. It may choose to partner because internal
capacity is limited, only to become dependent on an external team that holds the knowledge. None of these
options is automatically right or wrong. Each can work. Each can fail.[1][3][4][14][15][9]

The right sourcing model depends on the use case.

A low-risk internal writing assistant may be best served by a carefully governed commercial tool. A
proprietary forecasting capability that reflects years of operational knowledge may deserve more internal
control. A complex integration across legacy systems may require a partner. A customer-facing AI feature
may combine all three: a purchased model or platform, internal product ownership, and specialist support
for security, design, and testing.[9][10][11][12][1][3]

This chapter introduces the Build/Buy/Partner Decision Tree. Its purpose is not to force every use case into
a neat category. Its purpose is to help leaders ask the right questions before they commit budget, sign
contracts, or assign teams. Sourcing is not a procurement formality. It is a strategic decision about speed,
control, risk, capability, and long-term dependency.[1][3][4][13][14][9]

Why the sourcing decision matters

AI implementation is often described as if the hard choice is whether to use AI at all. Once the business
decides to proceed, the assumption is that delivery will follow. In practice, the delivery path shapes the
result.

A business can choose the right use case and still fail because it chooses the wrong path to execution.

If the company buys a tool that cannot be integrated into the real workflow, employees may return to old
habits. If it builds a custom model without enough data engineering and support, the project may become
an expensive prototype that nobody can maintain. If it relies entirely on a partner, the business may get a
working pilot but fail to develop internal understanding. If it combines several tools without architecture
discipline, the result may be fragmented, insecure, and hard to govern.[14][15]

The sourcing decision affects at least seven things.

First, it affects speed. Buying can be faster than building, but only if the tool fits the use case, passes
security review, and can be deployed into the workflow. A rushed purchase that requires months of rework
is not fast.[9][10][11][12]
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Second, it affects control. Internal build usually gives more control over design, data handling, workflow fit,
and future development. But control is useful only if the organisation has the capability to exercise
it.[1][3][4][13][14]

Third, it affects differentiation. If the capability is central to how the business competes, relying on the
same generic tool as everyone else may not be enough. If the capability is common and administrative,
building from scratch may waste effort.[13][14]

Fourth, it affects risk. Different paths create different privacy, security, regulatory, operational, and vendor
risks. A purchased tool may introduce data-use and lock-in concerns. A custom build may introduce
maintenance and reliability risks. A partner arrangement may introduce dependency and accountability
questions.[6][7][8][9][10][11]

Fifth, it affects cost. The cheapest subscription may become expensive after licences, integration, training,
support, governance, and change management. A custom build may look expensive upfront but be justified
if it supports a strategic capability. Partner fees may accelerate learning but should be tied to knowledge
transfer and outcomes.[1][3][4][13][14][15]

Sixth, it affects learning. Early AI projects are not only about immediate value. They teach the organisation
what data it has, how employees use AI, what controls are needed, how customers respond, and what
capabilities must be built. The sourcing model should preserve that learning inside the
business.[1][3][4][13][14][15]

Seventh, it affects future flexibility. A sourcing choice that works for a pilot may become a constraint at
scale. Leaders should ask not only “Can this get us started?” but also “What will this make easier or harder
in twelve months?”

The goal is not to avoid trade-offs. The goal is to choose them consciously.

The three main paths

Most AI sourcing decisions fall into three broad categories: build, buy, or partner. In reality, many projects
blend them, but the categories are still useful because they clarify the primary logic of delivery.

Build

To build means the organisation develops the solution itself, using internal teams and technology assets.
This may involve creating an internal application, configuring models, building retrieval over company
documents, developing data pipelines, designing prompts and workflows, or creating a custom AI-enabled
feature inside an existing product or system.[19][2][17][18]

Build does not always mean training a model from scratch. For most businesses, that is unnecessary.
Building may mean assembling components: a commercial model accessed through an application
programming interface, a secure internal interface, business data, workflow logic, monitoring, permissions,
and human review steps. The business is not inventing AI from first principles; it is designing a controlled
capability for its own context.[9][10][11][12][1][3]

Build is most attractive when:

● the use case is strategically important;

● the workflow is distinctive to the business;

● the organisation needs strong control over data, user experience, or decision logic;

● integration with internal systems is critical;

● existing tools do not fit the requirement well;



The AI Pivot — reader PDF 157

● the capability may become a reusable platform or competitive asset;

● the organisation has, or is willing to develop, the skills to maintain it.[1][3][4][13][14][15]

The danger is underestimating what build requires. AI systems need more than an initial prototype. They
need data pipelines, access controls, testing, monitoring, security review, documentation, user support,
model or tool updates, incident response, and product ownership. A clever proof of concept built by one
person may not be a business system.[9][10][11][12][1][3]

Build when the capability matters enough to justify ownership. Do not build simply because the
organisation distrusts vendors or wants to appear advanced.[13][14][21][22][23]

Buy

To buy means the organisation uses an existing commercial tool, platform, module, or feature. This may
include AI capabilities inside current business software, standalone tools for specific functions, enterprise
AI platforms, customer-service systems, analytics tools, coding assistants, knowledge-management
assistants, or productivity suites.[15][16]

Buying is often the right path when the use case is common, the required capability is not unique, the
vendor has a mature product, and the business can configure the tool within acceptable security, privacy,
and governance boundaries.[6][7][8][9][10][11]

Buy is most attractive when:

● the use case is well understood and common across many organisations;

● speed matters and the tool is already mature enough;

● the business does not need deep customisation;

● internal technical capacity is limited;

● the tool integrates with existing systems;

● security, privacy, and data-use terms are acceptable;

● the vendor can support implementation and ongoing operations;

● switching costs are manageable.

The danger is buying the demo instead of the capability. AI demos often show the best case: clean data,
simple questions, enthusiastic users, and no messy exceptions. Real business workflows contain outdated
documents, permissions issues, edge cases, frustrated customers, policy changes, incomplete records,
and users under time pressure.

A purchased tool should still be treated as part of a business change. It needs process fit, training,
governance, measurement, and ownership. Buying software does not buy adoption.

Partner

To partner means the organisation works with an external specialist to design, build, integrate, govern, or
operate the AI use case. Partners may include consultancies, systems integrators, AI studios,
managed-service providers, cloud specialists, data firms, academic or research partners, legal and risk
specialists, or industry-specific technology companies.

Partnering is most attractive when the business needs expertise, capacity, architecture support, change
experience, or independent review that it does not have internally. It can help the organisation move faster
and avoid avoidable mistakes.
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Partner is most attractive when:

● the use case is important but internal capability is immature;

● integration across systems is complex;

● security, privacy, or regulatory review needs specialist support;

● the business needs help designing a pilot or operating model;

● speed matters but buying a standard tool is not enough;

● internal teams need coaching and knowledge transfer;

● the project has cross-functional complexity;

● the organisation wants an independent challenge to vendor claims.

The danger is outsourcing the brain of the business. If the partner understands the workflow, data, risks,
and design choices better than the organisation does, the business may become dependent. A partner
should increase internal capability over time, not replace it permanently.

Good partnership agreements should include clear deliverables, knowledge transfer, documentation,
ownership of artefacts, data-use boundaries, exit options, and accountability for outcomes. The business
should not confuse activity from a partner with capability inside the organisation.

The Build/Buy/Partner Decision Tree

The Build/Buy/Partner Decision Tree is a structured set of questions. It helps leaders move from instinct to
reasoning.

Build / Buy / Partner Decision Tree
The right path depends on strategic importance, differentiation, data sensitivity, inte…

capability, speed, cost, and vendor dependency.

Strategically
differentiating?

Yes

Build or deep partnership

No

Buy or configured platform

Sensitive data or unique
workflow?

Keep more control inside

Need speed and standard
capability?

Buy, with exit options

Figure 20.1
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Use it after the business has defined the use case but before it selects vendors, commissions
development, or starts a pilot.

Question 1: Is this capability strategically differentiating?

Ask whether the use case is central to how the business competes, serves customers, manages risk, or
creates proprietary value.

If the answer is no, buying may be sensible. Many AI uses are important but not unique: meeting
summaries, internal drafting support, basic document search, ticket triage, content variants, standard
analytics, or common workflow assistance. There is little advantage in building a custom system for every
ordinary need.

If the answer is yes, the business should consider building more internal control, even if it still uses
purchased components or partners. Examples might include a unique product recommendation engine, a
proprietary operational optimisation system, a sector-specific risk assessment workflow, an AI-enabled
product feature, or a knowledge assistant built around hard-won internal expertise.

Strategic differentiation does not always require full internal build. It does require internal ownership of the
design, data, performance, and roadmap.

Question 2: Do existing tools fit the workflow closely enough?

A good commercial tool can be a gift. It can save time, reduce technical burden, and provide tested
functionality. But fit matters.

Leaders should ask:

● Does the tool support the actual workflow, not just a simplified version?

● Can it handle the required data types, permissions, and exceptions?

● Does it integrate with current systems?

● Can users work with it naturally?

● Can the business configure review, approval, escalation, and audit trails?

● Does it support the required languages, geographies, accessibility needs, and sector constraints?

● Can it be monitored and measured?

If the answer is yes, buying may be the right path. If the answer is partly, the business may buy and
configure, or buy with partner support. If the answer is no, custom build or a more specialised partner may
be necessary.

The test is not whether the tool can produce an impressive output in a meeting. The test is whether it can
survive the ordinary messiness of work.

Question 3: How sensitive is the data, decision, or stakeholder impact?

The more sensitive the use case, the more control and review the organisation needs.

A tool that summarises public marketing articles is different from a tool that processes employee health
information, customer financial records, legal documents, trade secrets, children’s data, patient
information, or regulated decisions. A workflow that suggests internal wording is different from one that
influences access to employment, credit, insurance, healthcare, housing, public services, or safety-critical
operations.

For higher-risk use cases, leaders should slow down and involve security, privacy, legal, compliance, and
relevant business specialists. The sourcing model must support stronger requirements: data minimisation,
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access controls, audit logs, explainability where appropriate, human oversight, testing, incident response,
retention rules, and contractual protections.

This does not automatically mean build. A well-governed commercial or partner solution may be safer than
an improvised internal build. But it does mean the organisation should not choose the fastest-looking path
without examining risk.

Question 4: Do we have the capability to own and maintain it?

The word “own” is important. A business may own a contract but not the capability. It may own source code
but not have people who understand it. It may own a model output but not know how to monitor quality.

For each path, ask what capability is required.

If building, does the organisation have product ownership, data engineering, software engineering, AI or
analytics expertise, security support, user experience design, testing, and operational monitoring? If not,
can those capabilities be developed responsibly?

If buying, does the organisation have vendor-management capability, configuration skills, integration
support, user training, and governance review? A purchased tool still needs ownership.

If partnering, does the organisation have enough internal leadership to direct the partner, challenge
assumptions, absorb knowledge, and run the solution after the engagement?

A weak capability base does not mean the business should do nothing. It means the sourcing choice
should include capability building explicitly.

Question 5: How fast do we need evidence?

Some use cases require quick evidence because the business needs to reduce risk, respond to customer
pressure, support employees, or test a near-term opportunity. Others are strategic and can justify a longer
foundation-building period.

Buying can often produce faster evidence when the tool fits. Partnering can accelerate complex work.
Building may take longer but may create more durable capability.

The key is to distinguish speed to demo from speed to evidence.

A demo can happen in days. Evidence requires real users, real workflow, real data controls, success
measures, and a decision gate. The right question is: which path gets us to trustworthy evidence fastest,
without creating unacceptable risk or future lock-in?

Question 6: What are the long-term dependency and exit risks?

Every path creates dependency.

Buying creates vendor dependency. The vendor may change pricing, features, data terms, model
providers, support levels, or product direction. Integration may become hard to unwind. User habits may
form around a tool that is difficult to replace.

Building creates internal dependency. The business may depend on a small number of employees, a
custom architecture, or technical debt that grows over time. If key people leave, the system may become
fragile.

Partnering creates relationship dependency. The partner may hold important knowledge, documentation,
configuration choices, or operational understanding. If the contract ends, the business may struggle to
continue.

Leaders should ask from the start:

● What would it take to leave this tool, architecture, or partner?
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● Who owns the data, prompts, configurations, workflows, documentation, and evaluation results?

● Can outputs and logs be exported?

● Are there open standards or common integrations?

● What knowledge must be transferred internally?

● What happens if cost rises or performance declines?

Exit planning is not pessimism. It is responsible management.

A practical decision table

The following table summarises the usual logic. It should guide discussion, not replace judgement.

| Situation | Likely path | Reason | |---|---|---| | Common productivity need with mature tools available | Buy |
Speed and low need for custom differentiation | | Distinctive workflow tied to competitive advantage | Build
or build with partner support | Control and fit matter | | Complex integration with limited internal capacity |
Partner, possibly with bought components | External expertise can reduce delivery risk | | High-risk use
involving sensitive data or consequential decisions | Case-by-case with specialist review | Risk controls
matter more than speed | | Early learning use case for internal users | Buy or light build | Evidence and
adoption learning are priorities | | AI-enabled product feature central to customer value | Build with selected
components or specialist partner | Product ownership should remain internal | | Regulated or
sector-specific workflow | Buy specialist tool, partner, or controlled build | Requires domain fit and
governance | | Temporary experiment to test demand | Buy or partner prototype | Avoid overbuilding before
value is proven |

The most important phrase in the table is “case-by-case.” AI sourcing should not be reduced to a company
slogan. “We always buy” is as risky as “we always build.” The right path depends on the use case, the risk,
the organisation’s capabilities, and the desired learning.

Hybrid models are often the norm

In AI, build, buy, and partner are not always separate lanes. Many sensible implementations combine
them.

A business might buy access to a foundation model through a cloud provider, build a secure internal
application around it, and use a partner to help with architecture and testing. It might buy a
customer-service platform, configure it internally, and partner with legal and privacy specialists for review. It
might build a proprietary workflow using internal data but rely on commercial infrastructure. It might begin
with a vendor tool for a pilot, then build a more tailored capability later once the business case is proven.

Hybrid models can be powerful, but they require clarity. Leaders should define who owns what.

● Who owns the business outcome?

● Who owns the process design?

● Who owns the data and knowledge sources?

● Who owns configuration and prompts?

● Who owns integration?

● Who owns testing and acceptance?

● Who owns monitoring after launch?

● Who owns user training?
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● Who owns incident response?

● Who owns future improvement?

Without clear ownership, hybrid delivery becomes everyone’s project and nobody’s system.

A useful rule is this: even when delivery is external, accountability must remain internal. Vendors and
partners can provide tools, expertise, and capacity. They cannot own the organisation’s obligations to
customers, employees, regulators, shareholders, or communities.

Cost: look beyond the first invoice

Sourcing decisions often become distorted by incomplete cost comparisons.

A commercial tool may appear cheap because the visible cost is a monthly licence. But the full cost may
include procurement, security review, privacy assessment, configuration, integration, data preparation,
user training, workflow redesign, support, monitoring, vendor management, and future migration.

A custom build may appear expensive because development cost is visible upfront. But if it becomes a
reusable capability that supports multiple workflows, protects strategic data, and reduces long-term
dependency, it may be justified.

A partner may appear costly because fees are concentrated in a project. But if the partner shortens the
learning curve, prevents a bad purchase, improves governance, and transfers capability, the value may be
real. If the partner produces only slides and dependency, the cost is harder to defend.

Leaders should compare sourcing options using total cost of ownership, not only initial cost. The
comparison should include:

● software licences or model usage fees;

● infrastructure and hosting;

● integration;

● data preparation and data-quality work;

● security, privacy, and legal review;

● training and change management;

● business process redesign;

● support and administration;

● monitoring and evaluation;

● vendor or partner management;

● incident response and remediation;

● future scaling;

● exit or migration cost.

The point is not to make AI feel unaffordable. The point is to avoid false economy. Cheap starts can
become expensive if they create rework, lock-in, weak adoption, or unmanaged risk.

Control: know what must stay inside
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Not every capability needs to be owned internally. But some forms of control should not be casually
outsourced.

The business should usually retain control over:

● the definition of the business outcome;

● the decision to proceed, pause, scale, or stop;

● risk appetite and governance rules;

● approval of data sources and data-use boundaries;

● customer, employee, and stakeholder impact decisions;

● acceptance criteria and success measures;

● accountability for human oversight;

● incident escalation;

● final responsibility for compliance and ethical use.

External providers may support these areas, but they should not silently define them.

For example, a vendor may recommend metrics for a customer-service AI tool. The business should still
decide whether those metrics reflect the customer promise. Faster response time is useful only if answer
quality, escalation, fairness, and trust are protected. A partner may propose an architecture. The business
should still understand the implications for data access, future flexibility, and operational support. A
platform may provide default safety features. The organisation should still decide whether those controls
are sufficient for its use case.

Control is not about doing everything yourself. It is about knowing which decisions are too important to
delegate blindly.

Capability building: every path should teach the organisation

A first-wave AI implementation should leave the business more capable than before. That is true whether
the organisation builds, buys, or partners.

After a pilot, the business should understand more about:

● how to define AI use cases;

● what data is available and trustworthy;

● how employees interact with AI outputs;

● what review and escalation controls are needed;

● how vendors describe and limit their capabilities;

● what integration challenges exist;

● how to measure value;

● what governance needs to improve;

● what skills are missing;

● what should be standardised for future projects.
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If the organisation buys a tool and learns nothing except how to renew the licence, the project has
under-delivered. If it hires a partner and cannot explain what was built, the engagement has not built
capability. If it builds internally and creates a fragile system only one person understands, the learning is
trapped.

Leaders should make learning a formal requirement. Ask each project to produce reusable artefacts: a
use-case brief, decision rationale, data assessment, risk register entry, control design, user feedback,
measurement report, vendor evaluation notes, and lessons learned. These artefacts become the
foundation for future AI portfolio management.

Common sourcing mistakes

Mistake 1: Buying because it is available

Availability is not fit. Many AI tools are easy to access, but that does not mean they are suitable for a
specific business process. Leaders should require use-case fit, data controls, integration, support, and
measurement before approving deployment.

Mistake 2: Building because it feels strategic

Custom development can become a prestige project. If the use case is common and commercial tools are
mature, building may drain scarce technical capacity from more important work. Build when ownership
creates real advantage or necessary control.

Mistake 3: Partnering without knowledge transfer

A partner who delivers a working prototype but leaves the organisation dependent has solved one problem
and created another. Contracts should include documentation, training, handover, and clear ownership of
assets.

Mistake 4: Ignoring integration

AI tools that sit outside the workflow often become side toys. The business should consider how the
system connects to customer records, knowledge bases, ticketing tools, finance systems, document
repositories, identity management, reporting, and approval processes. Integration affects adoption and
control.

Mistake 5: Treating security and privacy as late-stage approvals

Security and privacy review should happen before commitment, not after the business has emotionally
selected a tool or partner. Late review creates frustration and pressure to accept weak controls. Early
review shapes better choices.

Mistake 6: Confusing proof of concept with operating system

A proof of concept shows that something might work. An operating system must be reliable, governed,
supported, monitored, and understood by users. Leaders should not scale a prototype simply because it
impressed a steering committee.

Mistake 7: Underestimating vendor lock-in

Lock-in is not only a contractual issue. It can come from data formats, integrations, user habits, proprietary
workflows, pricing models, custom configurations, or lack of export options. Exit questions should be asked
before signing, not when the relationship is already difficult.

Mistake 8: Leaving the decision to one function
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IT, procurement, finance, legal, and the business sponsor all see different parts of the sourcing decision.
None should decide alone. The right path balances outcome, feasibility, cost, risk, adoption, and future
capability.

Questions for leaders

Before choosing to build, buy, or partner, ask:

● 1. Is this use case strategically differentiating, or is it a common capability?

● 2. Do existing tools fit the actual workflow closely enough?

● 3. What data will be used, and how sensitive is it?

● 4. Does the use case affect customers, employees, regulated decisions, rights, safety, or reputation?

● 5. What level of control do we need over design, data, user experience, and monitoring?

● 6. Do we have the internal capability to build, configure, govern, and maintain the solution?

● 7. If we partner, what knowledge must transfer to our team?

● 8. What is the total cost of ownership, including integration, training, governance, support, monitoring,
and exit?

● 9. What dependencies will this choice create?

● 10. How easy would it be to change vendors, partners, architecture, or models later?

● 11. What evidence do we need before scaling beyond a pilot?

● 12. Who owns the business outcome after the sourcing decision is made?

These questions slow the decision just enough to improve it. They help leaders avoid false speed, false
control, and false savings.

Reader action: run the Build/Buy/Partner Decision Tree

Take one prioritised use case and answer the sourcing questions: strategic differentiation, fit of existing
tools, sensitivity of data or decisions, internal capability, speed required, dependency risk, and exit options.
Use the answers to recommend build, buy, partner, or a hybrid route, then state what capability the
organisation should learn from the choice.

Summary: choose the path that fits the work

The build, buy, or partner decision is not a technical preference. It is a business judgement. It should be
made use case by use case, with clear attention to value, workflow fit, risk, speed, cost, control, capability,
and dependency.

Buy when the need is common, the tool is mature, the risk is manageable, and speed to evidence matters.
Build when the capability is strategically important, distinctive, and worth owning. Partner when the
business needs expertise, capacity, integration support, or independent challenge, while ensuring
knowledge transfer and internal accountability.

Many AI projects will combine all three. That is fine, provided ownership is clear. The business can use
external tools and partners without outsourcing its judgement.

Once the sourcing path is chosen, the next challenge is vendor and tool selection. Even when the business
knows whether it wants to buy or partner, the market can be confusing. Vendors may use similar language
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for very different capabilities. Pricing can be opaque. Security and data terms can vary. Integration
promises may be optimistic. The next chapter explains how to evaluate vendors and tools without getting
lost.
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Chapter 21 — Selecting Vendors and Tools
Without Getting Lost
The sourcing decision has been made, at least in principle. The business has decided that this use case is
not something to build entirely from scratch. A commercial tool, platform, model provider, specialist
application, or implementation partner will be involved. The team now enters a part of AI adoption that
looks familiar but behaves differently from ordinary software procurement.[13][14][1][3][9][11]

A vendor arrives with a polished demonstration. The interface is clean. The chatbot answers questions
smoothly. The sales deck shows faster service, better productivity, smarter decisions, and effortless
integration. A reference customer is mentioned. The product roadmap sounds impressive. The business
sponsor is encouraged. Finance sees a subscription price. IT asks about architecture. Legal asks about
data. The vendor says the platform is secure, responsible, enterprise-ready, and
compliant.[9][10][11][12][15][16]

None of that is enough.

Vendor selection for AI is not simply a matter of choosing the most impressive tool. It is a decision about
data exposure, workflow fit, integration, accountability, model behaviour, cost over time, vendor
dependency, support, and exit options. A tool can be genuinely capable and still be wrong for the
organisation. It can be secure in one configuration and risky in another. It can work beautifully in a
demonstration and fail quietly in the messy conditions of real work.[9][10][11][12][1][3]

This chapter is about selecting vendors and tools without getting lost. The goal is not to turn every leader
into a procurement specialist, security architect, or lawyer. The goal is to give leaders a practical way to
ask better questions before money, data, and trust are committed.[9][10][11][12][1][3]

The tool for this chapter is the Vendor Evaluation Scorecard. It helps leaders compare options against
business fit, technical fit, integration, security, privacy, data usage, regulatory posture, cost transparency,
support, roadmap, lock-in risk, and exit options. It is deliberately broader than a feature checklist because
AI tools are not judged only by what they can do. They must also be judged by what they may expose,
constrain, or change.[6][7][8][9][10][11]

Why AI vendor selection is different

Most businesses already know that software procurement can go wrong. Tools are bought but not adopted.
Systems are configured but not integrated. Costs rise after implementation. Users create workarounds.
Data migration takes longer than expected. Promised benefits become hard to measure.[1][3][9][11]
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Vendor Evaluation Scorecard
Compare vendors on outcome fit, evidence, integration, security, data terms, governance,

usability, cost, and exit options.

Outcome fit

Evidence required

Data terms

Evidence required

Security

Evidence required

Integration

Evidence required

Evidence

Evidence required

Usability

Evidence required

Cost

Evidence required

Exit option

Evidence required

Figure 21.1

AI adds several extra layers.

First, AI systems can produce variable outputs. Traditional software usually follows defined rules: if a user
enters X, the system does Y. AI tools, especially generative AI tools, may produce different outputs
depending on the prompt, source material, model version, configuration, and context. This does not make
them unusable. It does mean the organisation must evaluate behaviour, not just features.[19][2][17][18]

Second, AI tools often need access to sensitive context to be useful. A document assistant may need
policies, contracts, customer records, meeting notes, technical manuals, or financial information. A
customer-service assistant may need account history and support knowledge. A sales tool may need
customer relationship management data. A coding assistant may interact with proprietary code. The more
useful the tool becomes, the more carefully the business must examine data use, retention, access control,
and security.[6][7][8][9][10][11]

Third, AI vendors may depend on other vendors. A product may present itself as one platform while using a
foundation model, cloud provider, data processor, analytics layer, or third-party integration behind the
scenes. The buyer needs to understand the chain of responsibility well enough to manage risk. The
relevant question is not just “Who is our vendor?” but “Who else touches our data, outputs, logs, and
workflow?”[2][17][18][1][3][9]

Fourth, AI products are changing quickly. Features, model providers, pricing, usage limits, data policies,
and product roadmaps may shift. A tool that is attractive today may become less suitable if the vendor
changes its direction, removes a feature, increases prices, or alters data-handling terms. Flexibility
matters.[1][3][9][11]

Fifth, AI can affect trust. If a conventional reporting tool has a weak interface, users complain. If an AI tool
gives a confident but wrong answer to a customer, drafts a misleading document, exposes sensitive data,
or influences an employment or financial decision without proper control, the consequences can be more
serious. The selection process should reflect the possible harm.[1][3][4][14][15]
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The point is not to be suspicious of every vendor. Many vendors provide useful, well-designed, responsible
tools. The point is to avoid confusing vendor confidence with organisational due diligence.[1][3][9][11]

Start with the business outcome, not the feature list

A common procurement mistake is to begin with a list of attractive AI features. The tool can summarise
documents, draft emails, search knowledge bases, classify tickets, score leads, generate images, analyse
sentiment, automate workflows, translate content, and connect to existing systems. The list grows
quickly.[2][17][18][1][3][9]

Feature lists are useful later. They should not lead the decision.

The first question is: what business outcome must this tool help produce?

For a customer-service use case, the outcome may be faster response to routine questions, better
first-contact resolution, improved agent consistency, or reduced escalation of simple issues. For finance, it
may be faster month-end commentary, improved anomaly detection, or clearer scenario analysis. For HR,
it may be easier access to approved policy guidance. For sales, it may be better account preparation or
proposal support. For operations, it may be earlier detection of supply disruption or production
risk.[1][3][4][15][16][14]

Once the outcome is clear, the selection conversation changes. The team can ask:

● Does the tool support the exact workflow where value is expected?

● Does it work with the data and systems the team actually uses?

● Does it improve the decision, task, or customer experience that matters?

● Can the organisation measure whether it helped?

● Does it fit the risk level of the use case?

● Will users adopt it without creating inefficient workarounds?

A tool with fewer features but a closer fit to the workflow may be better than a broad platform that looks
powerful but remains disconnected from daily work.

The business should also define what the tool is not expected to do. This matters because AI vendors
sometimes encourage expansion from one use case to many. Expansion may eventually be sensible, but
early selection should remain disciplined. A tool chosen to support internal policy search should not
automatically be treated as suitable for customer-facing advice, employee screening, or regulated decision
support. Each new use case changes the risk profile.[1][3][4][14][15]

The vendor demonstration trap

Vendor demonstrations can be helpful. They show what the product is designed to do. They help users
imagine possibilities. They reveal interface quality, workflow assumptions, and the vendor’s understanding
of the business problem.[1][3][9][11]

But demonstrations are not evidence of fit.

A demonstration usually shows the product in favourable conditions. The data is clean. The questions are
expected. The user journey is short. The edge cases are avoided. The vendor presenter knows exactly
where to click. The model may be working with curated material. The audience sees a smooth sequence,
not the ordinary mess of implementation.[1][3][9][11]
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Leaders should watch demonstrations with two minds. One mind should ask, “What is promising here?”
The other should ask, “What would break in our environment?”

Useful demonstration questions include:

● Can you show the tool using our type of documents, not only your sample data?

● What happens when the source material is incomplete, outdated, or contradictory?

● How does the system show where an answer came from?

● Can users see confidence indicators, citations, audit trails, or review status where appropriate?

● What happens when the user asks a question the system should not answer?

● How are permissions enforced?

● Can different roles see different information?

● How are outputs logged and monitored?

● What controls are available for human review or approval?

● What does the system do when it is uncertain?[1][3][4][19]

If possible, the organisation should ask for a scenario-based demonstration. Give the vendor a realistic
workflow: a customer complaint with incomplete account history, a policy question involving two conflicting
documents, a sales proposal requiring approved claims, or a finance query with ambiguous data. The aim
is not to embarrass the vendor. It is to understand the tool’s behaviour under realistic conditions.

A strong vendor will welcome practical testing. A weak vendor will avoid specifics and return to general
claims.

The Vendor Evaluation Scorecard

The Vendor Evaluation Scorecard is a practical way to compare options. It should be used after the use
case is defined and before a pilot begins. It is not a substitute for security, legal, privacy, technical, or
procurement review. It is a leadership tool that makes those reviews easier by organising the right
questions.

Score each category from 1 to 5:

● 1 = weak fit or major concern

● 2 = partial fit with significant gaps

● 3 = acceptable with manageable issues

● 4 = strong fit with minor concerns

● 5 = excellent fit and clear evidence

The score is less important than the discussion behind it. A single low score in security, privacy, regulatory
posture, or exit options may be more important than several high feature scores.

1. Business fit

Business fit asks whether the tool supports the outcome and workflow that matter.

Consider:

● Does the vendor understand the business problem?
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● Does the tool support the current or redesigned process?

● Does it help the relevant users perform a real task better?

● Does it support the required service levels, languages, channels, locations, or customer segments?

● Can the benefit be measured?

● Does the tool reduce friction or add another layer of work?

A high business-fit score means the tool is not merely impressive; it is useful in context.

2. Technical fit

Technical fit asks whether the tool can operate within the organisation’s technology environment.

Consider:

● Does it work with current systems, data formats, identity management, and infrastructure?

● Does it require major architecture changes?

● Can it handle expected volume, latency, availability, and performance needs?

● Can IT support it without creating fragile workarounds?

● Does it align with existing technology standards and architecture principles?

A tool that business users love but IT cannot support safely is not a good choice. Equally, a technically
elegant platform that users do not need is not a good choice.

3. Integration

Integration deserves separate attention because many AI benefits depend on connection to real workflows.

Consider:

● Can the tool connect to the systems where work already happens?

● Are integrations native, custom, or dependent on another provider?

● Can data move securely and lawfully between systems?

● Can outputs be written back to systems of record where appropriate?

● How difficult will implementation be?

● Who maintains the integration when systems change?

Poor integration often turns an AI tool into a side application. Users copy and paste information between
systems, which creates inefficiency, errors, and data exposure. Good integration brings AI support into the
flow of work while preserving controls.

4. Security

Security asks whether the tool can protect systems, data, users, and operations.

Consider:

● What security certifications, assessments, or independent audits are available?

● How is data encrypted in transit and at rest?

● How are identities, permissions, and access controls managed?
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● Does the tool support single sign-on and role-based access?

● How are logs protected?

● What vulnerability management and incident response processes exist?

● How does the vendor handle customer data in support requests?

● Are subcontractors or model providers involved?

Security claims should be reviewed by security specialists. Leaders should not accept “enterprise-grade
security” as an answer. Ask what it means in practice.

5. Privacy

Privacy asks whether personal data is handled lawfully, fairly, transparently, and minimally for the use
case. Exact obligations depend on jurisdiction, data type, sector, and configuration, so privacy and legal
specialists should review the details.

Consider:

● What personal data will the tool process?

● Is the data necessary for the purpose?

● Where is the data stored and processed?

● Who can access it?

● How long is it retained?

● Can data be deleted, corrected, exported, or restricted where required?

● Does the vendor support privacy impact assessment work?

● Are employees, customers, or other stakeholders properly informed where needed?

A low-risk internal drafting tool and a high-impact tool using customer, employee, patient, financial, or
children’s data are not the same privacy conversation.

6. Data usage terms

Data usage terms are central in AI procurement. Leaders need to know what happens to prompts, inputs,
documents, outputs, logs, feedback, and usage data.

Consider:

● Will the vendor use customer data to train or improve models?

● Can training or improvement use be switched off?

● Are prompts and outputs retained?

● For how long?

● Who owns inputs, outputs, configurations, prompts, embeddings, evaluations, and derived data?

● Are data terms different by product tier or configuration?

● Are model providers or subcontractors allowed to use the data?

● Can the organisation audit or verify the terms?
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Do not rely on generic public statements. Contract terms, product settings, data-processing agreements,
and technical configuration all matter. If the tool will process sensitive or proprietary information, this
category deserves careful review.

7. Regulatory posture

Regulatory posture asks whether the vendor can support the organisation’s compliance obligations. This is
not the same as the vendor saying the tool is compliant. Compliance depends on use case, data,
configuration, jurisdiction, sector, and governance.

Consider:

● Does the vendor understand the relevant regulatory environment for the use case?

● Can the vendor provide documentation needed for legal, privacy, security, or sector review?

● Does the tool support audit trails, explanations, records, approvals, and human oversight where
required?

● Has the vendor mapped its responsibilities and the customer’s responsibilities?

● How does the vendor monitor regulatory change?

● Are high-risk or restricted uses clearly addressed?

For employment, finance, healthcare, insurance, education, public-sector, safety-critical, or other sensitive
contexts, specialist review is essential. This chapter provides business guidance, not legal advice.

8. Cost transparency

AI pricing can be harder to understand than ordinary software pricing. Costs may depend on users, seats,
tokens, documents, transactions, storage, integrations, model choice, support levels, data processing,
customisation, or usage growth.

Consider:

● What is included in the base price?

● What triggers extra charges?

● How does pricing change at higher volume?

● Are there implementation, integration, training, support, or professional-service fees?

● What costs will the organisation carry internally?

● What happens if usage is higher than expected?

● Are there minimum commitments or long contract terms?

● How easy is it to reduce usage or exit?

A low entry price may be sensible for a pilot, but leaders should model the cost of success. If the pilot
works and usage expands, what will the annual cost become? What additional governance, support, and
integration costs will appear?

9. Support and implementation capability

The question is not only whether the tool works. It is whether the vendor can help the organisation make it
work.

Consider:
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● What onboarding support is provided?

● Does the vendor understand change management, training, and adoption?

● Are support response times appropriate for the use case?

● Is support available in relevant time zones and languages?

● Does the vendor provide documentation, administrator training, and user guidance?

● Can the vendor help with testing, evaluation, and monitoring?

● Who will be accountable if the implementation struggles?

For a low-risk productivity tool, light support may be enough. For a customer-facing, operational, or
regulated workflow, support quality can determine whether the tool becomes a capability or a source of
risk.

10. Roadmap and product maturity

AI products change quickly. The roadmap matters, but it should be treated carefully.

Consider:

● Which promised features exist today and which are future plans?

● How often does the product change?

● How are customers notified of changes to models, features, data terms, or pricing?

● Can the organisation control when changes are adopted?

● Is the vendor financially stable enough to support the product?

● Does the vendor have experience with organisations like yours?

● Are customer references relevant and credible?

Do not buy a roadmap as if it were a delivered product. Future features may be delayed, changed, or
cancelled. Roadmap alignment is useful, but current capability and contractual clarity matter more.

11. Lock-in risk

Lock-in occurs when leaving becomes difficult because of data, integrations, user habits, proprietary
formats, custom configuration, contractual terms, or dependency on vendor-specific workflows.

Consider:

● How easily can the organisation switch tools later?

● Are data and outputs exportable in usable formats?

● Are prompts, workflows, evaluation results, and configurations portable?

● Are integrations built on open or proprietary methods?

● Does the vendor control critical knowledge about the implementation?

● What happens if the vendor changes price, product direction, or terms?

Some lock-in may be acceptable if the value is high and the risk is understood. Hidden lock-in is the
problem.

12. Exit options
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Exit options turn lock-in awareness into practical planning.

Consider:

● What are the termination rights?

● What happens to data at the end of the contract?

● Can the organisation retrieve logs, configurations, and outputs?

● How long will transition support be available?

● Are deletion certificates or equivalent assurances available where appropriate?

● What internal documentation is needed to continue without the vendor?

● Is there a fallback process if the tool becomes unavailable?

Exit planning should begin before signing, not when the relationship has already deteriorated.

Weight the scorecard by use case risk

Not every category should carry the same weight for every use case.

For a low-risk internal brainstorming tool that uses no confidential data, business fit, ease of use, cost, and
training may matter most. Security and data terms still matter, but the risk profile is relatively modest if use
is controlled.

For an internal knowledge assistant using confidential policies, contracts, customer records, or technical
manuals, data usage, access control, integration, accuracy, and auditability become more important.

For a customer-facing chatbot, customer experience, escalation, monitoring, brand risk, privacy, security,
and failure handling become central.

For an AI tool influencing hiring, lending, insurance, healthcare, legal advice, safety, or other high-impact
areas, regulatory posture, bias controls, explainability where appropriate, human oversight, documentation,
testing, and specialist review become decisive.

A useful rule is this: the closer the tool gets to sensitive data, customers, employees, regulated decisions,
or operational dependency, the more rigorous the evaluation must become.

The scorecard should therefore include weightings. For each category, assign a weight from 1 to 3:

● 1 = relevant but not decisive

● 2 = important

● 3 = critical

Then multiply the score by the weighting. This does not produce a perfect mathematical answer, but it
makes priorities visible. If a vendor scores highly overall but poorly on a critical category, leaders should
pause.

Compare vendors against evidence, not confidence

Good evaluation requires evidence. Ask vendors to provide documentation, examples, test results, security
materials, data-processing terms, implementation plans, references, and clear answers. The depth of
evidence should match the risk and scale of the use case.

Useful evidence may include:
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● product documentation;

● security and privacy documentation;

● data-flow diagrams;

● model or system information appropriate to the product;

● subprocessors and hosting details;

● standard contract terms and data-processing agreements;

● implementation plan;

● support model;

● sample audit logs;

● admin and permission controls;

● testing and evaluation approach;

● relevant customer references;

● export and deletion procedures;

● incident response process;

● accessibility and user-training materials.

The organisation should also run its own evaluation where possible. This may include a sandbox test, proof
of concept, controlled pilot, or comparison against real business scenarios. Vendor claims should be
treated as inputs, not conclusions.

Three tests are especially useful.

Test 1: The messy-data test

Give the tool documents or data that resemble the real environment: duplicates, outdated files, conflicting
policies, incomplete records, inconsistent naming, or unclear ownership. See how it behaves. Does it
produce unsupported confidence? Does it cite sources? Does it warn users? Does it expose data it should
not? Does it require more data preparation than expected?

Test 2: The boundary test

Ask the tool to do things outside its approved purpose. For example, ask an internal policy assistant for
legal advice, a customer-service assistant for a discount it cannot approve, or a finance assistant for a
decision it should not make. Does the tool refuse, escalate, or produce an unsafe answer? Can boundaries
be configured and monitored?

Test 3: The user-workflow test

Let real users perform realistic tasks under observation. Do they understand the output? Do they over-trust
it? Do they ignore it? Does it save time or create extra checking? Does it fit the process? What training do
users need? What mistakes are likely?

These tests often reveal more than a sales presentation.

Beware of the platform promise

Many vendors describe their tools as platforms. Sometimes this is accurate. A platform can provide a
secure foundation for multiple AI use cases, common governance, reusable integrations, consistent
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monitoring, and better cost control. For larger organisations, this can be valuable.

But “platform” can also become a vague promise that the tool will solve future problems not yet defined.

Leaders should ask:

● Which use cases does the platform support well today?

● What governance controls are common across use cases?

● Can different departments configure it safely without creating chaos?

● How are permissions, data sources, logs, and model choices managed centrally?

● Does the platform reduce complexity or create another layer?

● What skills are needed to operate it?

● What happens if one department wants to leave but others stay?

A platform decision is more strategic than a point-tool decision. It may affect architecture, data governance,
procurement, security, and operating model for years. Do not make a platform commitment on the basis of
one attractive pilot unless the broader implications are understood.

The role of procurement, IT, legal, and business owners

Vendor selection should be cross-functional. If it is owned only by procurement, the tool may meet
commercial rules but miss workflow reality. If owned only by the business, it may move quickly but create
security or integration problems. If owned only by IT, it may be technically safe but not adopted. If legal and
privacy teams are brought in only at the end, they may appear to block progress when they are actually
identifying risks that should have been designed around earlier.

A good selection process includes:

● Business owner: defines the outcome, workflow, users, adoption needs, and value measures.

● IT or technology lead: assesses architecture, integration, supportability, identity, data flows, and
technical risk.

● Security lead: reviews security controls, vulnerability management, access, logging, and incident
response.

● Privacy/legal/compliance specialists: review data processing, contractual terms, regulatory exposure,
intellectual-property issues, and specialist obligations.

● Procurement or finance: examines pricing, contractual structure, vendor stability, negotiation, and
commercial risk.

● End users: test whether the tool works in daily practice.

● Governance body or sponsor: makes the final decision in line with risk appetite and business
priorities.

The purpose of involving these groups is not to slow everything down. It is to avoid late surprises. A
disciplined process is usually faster than a rushed purchase followed by months of remediation.

Common vendor-selection mistakes

Mistake 1: Buying the best demo
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The best demo is not always the best tool. Evaluate against real data, real users, real workflows, and real
controls.

Mistake 2: Treating AI as a normal software feature

AI capability inside existing software may still create new data, accuracy, privacy, security, and governance
questions. Existing vendor relationships do not remove the need for review.

Mistake 3: Ignoring total cost

Licence cost is only one part of the picture. Integration, configuration, data preparation, training, support,
monitoring, governance, and change management also matter.

Mistake 4: Accepting vague data assurances

Statements such as “your data is protected” or “we do not train on customer data” need to be checked
against contract terms, product settings, subprocessors, retention policies, and technical controls.

Mistake 5: Overlooking exit

A tool can be attractive at the start and difficult to leave later. Plan for export, deletion, transition, and
fallback before signing.

Mistake 6: Allowing tool selection to define strategy

Vendors naturally frame problems around what their products can solve. The business must frame the
decision around outcomes, risk appetite, and operating model.

Mistake 7: Skipping user testing

Executives may approve a tool that frontline users find awkward, untrustworthy, or disconnected from their
work. Adoption cannot be assumed.

Mistake 8: Moving from pilot to enterprise contract too quickly

A pilot should produce evidence. It should not automatically trigger a broad rollout. Use the pilot to learn
whether the tool works, what controls are needed, what value is measurable, and what scaling would
require.

A practical selection process

A sensible AI vendor-selection process can be simple without being casual.

Step 1: Confirm the use case

Write a one-page summary of the use case: business objective, users, workflow, data required, expected
benefit, risk level, success measures, and owner. If this cannot be written clearly, the vendor search is
premature.

Step 2: Define must-have and nice-to-have requirements

Separate essential requirements from attractive extras. Must-haves may include integration with a specific
system, data residency, role-based permissions, audit logs, human review workflow, or support for a
particular language or channel. Nice-to-haves may include advanced analytics, additional content formats,
or future automation options.

Step 3: Shortlist credible options
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Use market research, existing vendors, references, peer recommendations, analyst material, and internal
architecture guidance. Do not shortlist only the loudest vendors. Include the option of not buying yet if
readiness is weak.

Step 4: Run the scorecard

Score each vendor across the categories, applying weightings based on use-case risk. Capture evidence
and open questions. Do not let an average score hide critical weaknesses.

Step 5: Test with realistic scenarios

Use real or representative data in a controlled environment. Include end users. Test boundaries,
permissions, source citation, failure modes, and workflow fit. Avoid using sensitive live data unless
security, privacy, and legal approvals are in place.

Step 6: Review commercial and contractual terms

Examine price, usage limits, renewal terms, termination rights, data processing, intellectual property,
liability, service levels, support, audit rights where appropriate, subcontractors, and exit provisions.
Specialist review is important here.

Step 7: Decide on pilot, defer, or reject

The decision is not always “buy now.” It may be:

● proceed to a controlled pilot;

● request clarification or improved terms;

● choose a lower-risk use case first;

● defer until data or integration is ready;

● reject because the risk, cost, or fit is unacceptable.

A disciplined “not yet” is often better than a messy “yes.”

Leadership questions before signing

Before approving an AI vendor or tool, leaders should ask:

● 1. What business outcome are we buying this for?

● 2. Which workflow will change, and who owns that workflow?

● 3. What data will the tool access, process, store, or generate?

● 4. Who else, including subprocessors or model providers, may touch that data?

● 5. What are the security, privacy, legal, and regulatory concerns?

● 6. How will users know when to trust, check, challenge, or escalate outputs?

● 7. What evidence do we have beyond the vendor demonstration?

● 8. What will this cost if the pilot succeeds and usage expands?

● 9. What internal capabilities will we need to operate and govern it?

● 10. How will we measure value, risk, adoption, and quality?

● 11. What happens if the vendor changes terms, pricing, model provider, or product direction?
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● 12. How do we exit if the tool disappoints or becomes unsuitable?

These questions do not guarantee success. They reduce avoidable surprise.

The leadership discipline: enthusiasm with evidence

AI vendor selection requires a particular leadership posture. Too much scepticism can prevent useful
progress. Too much enthusiasm can produce waste and risk. The right posture is enthusiasm with
evidence.

Leaders should be open to tools that genuinely improve work. They should listen to vendors, invite
demonstrations, and learn what is possible. But they should also insist that every claim connects back to a
business outcome, a workflow, a risk assessment, a cost model, and a decision gate.

The question is not, “Is this tool impressive?”

The question is, “Can this tool help our organisation produce a better outcome in a controlled, measurable,
and sustainable way?”

That is a harder question. It is also the question that protects the business.

Vendor selection is not the end of implementation. It is the gateway to testing. Once a tool or vendor has
passed the first evaluation, the next task is to design a safe pilot: one that is scoped, governed, measured,
and capable of producing a clear decision. That is where the promise of the tool meets the reality of the
organisation.

Reader exercise: Run a first vendor screen

Choose one AI tool or vendor currently under consideration. Complete a first-pass score from 1 to 5 for
each category:

● 1. Business fit

● 2. Technical fit

● 3. Integration

● 4. Security

● 5. Privacy

● 6. Data usage terms

● 7. Regulatory posture

● 8. Cost transparency

● 9. Support

● 10. Roadmap

● 11. Lock-in risk

● 12. Exit options

Then answer three questions:

● Which category creates the largest concern?

● What evidence do we need before proceeding?

● Should the next decision be pilot, defer, renegotiate, or reject?
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If the team cannot answer those questions clearly, the organisation is not ready to sign. It may still be
ready to learn — but learning should happen through a controlled pilot, not an uncontrolled commitment.

Chapter summary
● AI vendor selection must be tied to business outcomes, not feature excitement.

● Demonstrations are useful but should not be treated as evidence of real-world fit.

● AI tools require careful review of data use, security, privacy, integration, cost, regulatory posture, lock-in,
and exit options.

● The Vendor Evaluation Scorecard helps compare options across business and risk dimensions.

● Weightings should reflect the use case: higher-risk applications require deeper evaluation.

● Vendors should be tested with realistic scenarios, messy data, boundary cases, and real users.

● Cross-functional review prevents late surprises and supports responsible adoption.

● The right next step after vendor selection is not automatic rollout; it is a safe, decision-oriented pilot.

The next chapter turns vendor selection into evidence by designing a safe pilot with scope, controls,
metrics, and a decision gate.
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Chapter 22 — Designing a Safe Pilot
The vendor has been selected, or the internal team has been given approval to build a first version. The
use case looks sensible. The sponsor is enthusiastic. The users can see the potential. Finance wants to
know when the benefits will appear. IT wants to know how the tool will connect. Legal, security, and privacy
want to know what data will be exposed and what controls will exist. The project team wants to
move.[6][7][8][9][10][11]

This is the point where many AI initiatives become less disciplined, not more.

The word “pilot” can make a project sound harmless. It suggests something temporary, small,
experimental, and reversible. That can be true. But a poorly designed pilot can still create real damage. It
can expose sensitive data. It can disappoint users. It can mislead leaders with weak evidence. It can
produce a positive-looking demonstration that fails in daily work. It can create shadow processes that
continue after the pilot ends. It can also waste time by testing technology without answering a business
question.

A safe pilot is not a casual trial. It is a controlled business experiment.

The purpose of a pilot is not to prove that AI is exciting. That has already been established by the market,
vendors, employees, and the general noise around the subject. The purpose of a pilot is to answer a
practical decision: should this organisation stop, change direction, continue testing, or scale this AI-enabled
workflow?[13][14][15]

That decision needs evidence. Evidence needs design. Design needs scope, ownership, data, controls,
metrics, user involvement, risk management, and a clear decision gate. Without those elements, a pilot
becomes an expensive conversation.[1][3][4][21][22][23]

The tool for this chapter is the Pilot Canvas. It helps leaders define what the pilot is for, what is in scope,
what is out of scope, who owns it, what data it can use, what success looks like, what risks must be
controlled, what human oversight is required, how long the pilot will run, what it will cost, and what decision
will be made at the end.[1][3][4]

Why pilots matter

AI pilots matter because AI adoption contains uncertainty. Even after use-case prioritisation, readiness
assessment, vendor evaluation, and governance review, the organisation still does not fully know how the
tool will behave in its specific environment.[1][3][4][13][14][9]
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Safe Pilot Canvas
A safe pilot defines scope, users, data, success evidence, risks, controls, decision ow…

scale/no-scale criteria.

Problem

Define clearly

Users

Define clearly

Data

Define clearly

AI role

Define clearly

Controls

Define clearly

Evidence

Define clearly

Owner

Define clearly

Next decision

Define clearly

Figure 22.1

A document assistant may work well on clean policy documents but struggle with outdated guidance,
duplicated files, or conflicting language. A customer-service assistant may answer simple questions
accurately but fail when a customer is angry, vulnerable, or describing an unusual situation. A
sales-research tool may save time for experienced account managers but encourage junior staff to trust
weak summaries. A finance analysis tool may produce useful commentary while still requiring strong
review before any decision is made.[1][3][4]

The pilot is where assumptions meet reality.

A well-designed pilot helps answer several questions:

● Does the AI-enabled workflow solve the business problem we selected?

● Do users actually adopt it in the flow of work?

● Does it improve speed, quality, cost, customer experience, risk management, or decision support?

● Does it create new risks, errors, confusion, or review burden?

● Does our data support the use case well enough?

● Are the vendor, tool, integration, and support model fit for purpose?

● Do our governance controls work in practice?

● What would need to change before scaling?[1][3][4][9][11]

These are management questions, not technology curiosities. A pilot should give leaders enough evidence
to make the next decision responsibly.

There is also a cultural reason to design pilots carefully. Employees often judge AI adoption by their first
serious experience with it. If the pilot is confusing, intrusive, badly explained, or obviously disconnected
from real work, people may conclude that AI is another leadership fad. If the pilot is thoughtful, bounded,
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useful, and honest about limitations, it can build trust even if the first version is
imperfect.[1][3][4][13][14][15]

A good pilot does not have to succeed in the narrow sense of proving the use case should scale. A pilot
can be valuable if it shows that a use case should stop, that the data is not ready, that the process must be
redesigned, that a vendor is unsuitable, or that the risk level is higher than expected. That is not failure.
That is useful learning before larger commitments are made.[13][14][1][3][9][11]

The failed pilot is not the one that says “do not scale.” The failed pilot is the one that teaches nothing.

Start with the decision the pilot must produce

Before defining the pilot activities, define the decision that will be made at the end.

This may sound obvious, but many pilots begin with a vague objective: “test AI in customer service,” “try a
knowledge assistant,” “explore generative AI for finance,” or “run a proof of concept with the vendor.”
These statements describe activity, not a decision.[2][17][18][15][16][1]

A better pilot question is more specific:

● Should we deploy an AI-assisted knowledge assistant to support service agents handling product-return
queries?

● Should we use AI to draft first versions of monthly finance commentary, with finance managers
reviewing and approving all outputs?

● Should we introduce an internal HR policy assistant for managers, limited to approved policy documents
and non-sensitive questions?

● Should we use AI to support proposal drafting for mid-market sales opportunities, with required human
review before customer submission?

● Should we continue with this vendor for a controlled rollout, or should we change tool, scope, or
approach?[1][3][4][2][17][18]

The difference matters. A vague pilot allows almost any result to be interpreted as progress. A
decision-oriented pilot forces the team to define evidence.

At the end of a safe pilot, there should be a decision gate with a limited set of options:

● 1. Stop. The use case is not valuable, feasible, safe, or timely enough.

● 2. Redesign. The use case may be valuable, but the process, data, controls, user experience, or vendor
approach must change.

● 3. Extend testing. The evidence is promising but incomplete, and a further controlled test is justified.

● 4. Scale selectively. The use case has demonstrated enough value and control to move into a broader
rollout with an operating model.[1][3][4][9][11]

This decision gate prevents the organisation drifting from pilot to permanent use without proper review. It
also prevents sunk-cost thinking. The fact that people spent time on a pilot does not mean the use case
deserves to scale.

Define a narrow, meaningful scope

A safe pilot should be narrow enough to control but meaningful enough to teach.[1][3][4]
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If the scope is too broad, the project becomes difficult to manage. Too many users, processes, data
sources, exceptions, risk categories, and success measures appear at once. The team spends its time
firefighting rather than learning. Broad pilots also make it hard to know why results were good or
bad.[13][14]

If the scope is too narrow, the pilot becomes artificial. A demonstration using only sample data, friendly
users, and easy tasks may prove that the tool can work under ideal conditions, but it does not prove that it
can support the business. The pilot must include enough real-world friction to be useful.

Good scope is specific about five things.

First, define the process boundary. Which workflow is included? Where does it start and end? For
example, “support agents answering routine billing questions using the approved knowledge base” is
clearer than “customer-service AI.”[19][2][17][18]

Second, define the user group. Who will use the tool? How many people? Which roles? Are they
experienced, new, specialist, frontline, back-office, managers, or reviewers? A pilot with five expert users
may show different results from a pilot with fifty ordinary users.

Third, define the data boundary. What documents, records, systems, or knowledge sources are allowed?
What data is excluded? Are personal, confidential, regulated, customer, employee, or financial data
involved? If so, what review is required?[9][10][11][12][14][15]

Fourth, define the decision or task boundary. What is the AI allowed to support? What is it not allowed to
do? For example, it may draft a response but not send it. It may summarise a policy but not provide legal
advice. It may flag an anomaly but not approve a transaction. It may suggest a next action but not execute
it without human confirmation.[1][3][4][2][17][18]

Fifth, define the time boundary. How long will the pilot run? A pilot must run long enough to observe real
use but not so long that it becomes a hidden production system. Many business pilots can be structured in
weeks rather than months, but the right duration depends on workflow volume, risk level, and
measurement needs.[13][15][16]

A useful scope statement might look like this:

“This pilot will test whether an AI-assisted knowledge tool can help fifteen customer-service agents answer
routine product-setup questions faster and more consistently over a six-week period. The tool may use
only the approved product knowledge base and current support scripts. It may suggest answers to agents
but may not respond directly to customers. Agents must review and edit all responses. The pilot excludes
complaints, refunds, technical fault diagnosis, vulnerable customer situations, and any case requiring legal,
safety, or account-specific judgement.”

That statement is not glamorous. It is useful. It tells everyone what is being tested, what is not being tested,
and where the boundaries sit.

The Pilot Canvas

The Pilot Canvas is a one-page working document that should be completed before the pilot begins and
updated during the pilot if assumptions change. It is not bureaucracy for its own sake. It is a way to make
sure the pilot is a business experiment rather than a loose trial.

The canvas has twelve fields.

1. Pilot name

Give the pilot a clear name that describes the use case, not the technology brand. “Service Agent
Knowledge Assistant” is better than “Vendor X AI Trial.” “Finance Commentary Drafting Pilot” is better than
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“Generative AI Experiment.”

A descriptive name reminds the team that the pilot exists to improve a workflow, not to admire a tool.

2. Business objective

State the business outcome in plain English. The objective should connect to a pain point identified earlier
in the book: delay, repeated work, error, decision friction, customer experience, cost, risk, quality, or
learning.

Weak objective: “Explore AI for operations.”

Better objective: “Test whether AI-assisted shift-schedule review can reduce manual planning effort and
flag coverage gaps earlier while keeping final scheduling decisions with operations managers.”

The objective should be ambitious enough to matter and modest enough to test.

3. Executive sponsor

Every pilot needs an accountable sponsor. The sponsor does not need to manage every task, but they
must own the business rationale, clear barriers, secure resources, and make or recommend the final
decision.

Without sponsorship, pilots become side projects. They may generate enthusiasm, but they struggle when
they need data access, user time, security review, budget, integration support, or a decision to stop.

The sponsor should be from the business area affected, not only from IT. AI adoption is a business change
with technology inside it.

4. Process owner

The process owner understands how work actually happens. This person knows the exceptions, handoffs,
review points, customer impact, system constraints, and informal workarounds. They help prevent the pilot
from being designed around an idealised process that exists only in slide decks.

In many pilots, the process owner is more important day to day than the executive sponsor. They translate
ambition into operational reality.

5. Use case

Describe the AI-supported task or decision. Be precise. Does the pilot involve summarisation,
classification, drafting, forecasting, retrieval, triage, recommendation, anomaly detection, content
generation, or workflow automation?

Also state whether the AI is augmenting a human or automating a step. This distinction affects risk,
training, oversight, and measurement.

6. Scope

Define what is included: users, workflow, data, systems, locations, channels, customers, document types,
products, or decision types.

The more sensitive the use case, the more important clear scope becomes. Ambiguity creates risk.

7. Out of scope

This field is often neglected, but it is one of the most important parts of safe pilot design.

Out-of-scope statements prevent uncontrolled expansion. They tell users and managers where not to apply
the tool. They protect customers, employees, and the organisation from accidental use in higher-risk
contexts.
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For an HR policy assistant, out of scope might include disciplinary decisions, medical information,
grievance handling, redundancy, performance dismissal, or jurisdiction-specific legal interpretation. For a
sales drafting tool, out of scope might include unapproved product claims, pricing commitments, legal
terms, regulated financial advice, and customer submission without human review.

Clear exclusions do not weaken a pilot. They make it safer and more credible.

8. Data required

List the data, documents, or systems the pilot needs. Include source owners, access permissions, quality
concerns, retention rules, and whether the data includes personal, confidential, regulated, or commercially
sensitive information.

This field should trigger data, privacy, security, and legal review where needed. It should also expose a
common pilot problem: the desired AI use case depends on data that is incomplete, inconsistent,
inaccessible, outdated, or not lawful to use in the proposed way.

If the data is not ready, do not hide the issue. Make data readiness part of the pilot learning.

9. Tool or vendor

Identify the tool, model, platform, internal system, or partner involved. Include configuration assumptions,
integration points, data-handling terms, support arrangements, and any restrictions agreed during vendor
selection.

If the pilot uses a general-purpose AI tool, the configuration matters. Are enterprise privacy controls
enabled? Are prompts and outputs retained? Is training on customer data disabled where required? Are
user permissions aligned with existing access rights? Has the organisation reviewed the relevant terms
rather than relying on public marketing language?

The pilot should test the tool as it would actually be used, not a special version that cannot be governed or
scaled.

10. Success criteria

Success criteria should be defined before the pilot begins. They should include more than user
enthusiasm.

Possible measures include:

● Time saved in a specific task.

● Reduction in rework or errors.

● Improved consistency or quality of outputs.

● Faster response or cycle time.

● Better user satisfaction or reduced frustration.

● Improved customer experience, where relevant.

● Reduced escalation or clearer triage.

● Stronger compliance with approved language or process.

● Evidence that human review can catch and correct problems.

● Evidence that risks remain within agreed tolerance.

Success criteria should also include failure criteria. For example, the pilot should not proceed if the tool
produces frequent unsupported claims, creates unacceptable review burden, exposes restricted data,
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confuses users, weakens customer trust, or cannot be integrated securely.

11. Risks and mitigations

Every pilot should maintain a practical risk list. The list does not need to be long for low-risk pilots, but it
should be explicit.

Common AI pilot risks include:

● Inaccurate or fabricated outputs.

● Users over-trusting AI suggestions.

● Sensitive data entered into the wrong tool.

● Poor permission controls.

● Bias or unfair treatment.

● Customer harm or confusion.

● Employee anxiety or resistance.

● Weak audit trail.

● Vendor or integration failure.

● Unclear accountability.

● Outputs being used beyond the approved scope.

Each risk needs a mitigation. Mitigations may include access limits, approved data sources, human review,
user training, output labels, escalation rules, monitoring, testing, legal review, privacy assessment, security
controls, or a fallback process.

The point is not to eliminate every risk. The point is to know which risks matter, how they are controlled,
and who owns them.

12. Human oversight, timeline, budget, and decision gate

The workbook lists human oversight, timeline, budget, and decision gate as separate fields. In practice,
they belong together because they determine whether the pilot can operate responsibly.

Human oversight defines where people review, approve, override, or audit AI outputs. It should name the
accountable role, not simply say “human in the loop.” That phrase is only useful when it describes real
behaviour. Who reviews? When? Against what standard? What happens when the human disagrees with
the AI? How are errors reported?

Timeline defines the pilot stages: preparation, testing, user training, live controlled use, evidence review,
and final decision. Budget defines software, implementation, data preparation, integration, training,
support, governance, and internal staff time. Decision gate defines the exact meeting, forum, or
governance body that will review results and decide what happens next.

A pilot without a decision gate is not a pilot. It is a slow drift into use.

Design the pilot around real users

AI pilots often fail because they are designed around the tool rather than the people doing the work.

Real users know where the process is awkward. They know which customer questions are common, which
reports are difficult, which documents are confusing, which exceptions happen every week, and which
tasks require judgement. They also know whether a proposed tool will help or merely create another
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screen to check.

User involvement should begin before the pilot starts. Ask users:

● What part of this process is slow, repetitive, frustrating, or error-prone?

● What would make the output useful enough to trust after review?

● Where would AI support be dangerous or annoying?

● What source material should the tool be allowed to use?

● What would cause you not to use the tool?

● What training or guidance would you need?

● What should be measured from your perspective?

This does not mean users decide every governance question. Security, privacy, legal, and leadership
responsibilities remain. But user insight prevents the pilot from being detached from reality.

Training should also be practical. Do not give pilot users a generic lecture on artificial intelligence and
assume they are ready. Show them the exact workflow. Explain what the tool is allowed to do, what it is not
allowed to do, what good use looks like, what bad use looks like, how to review outputs, how to report
problems, and what data must not be entered.

For generative AI tools, users need to understand that fluent output is not the same as correct output. For
predictive tools, they need to understand that a score or recommendation is not a decision. For knowledge
assistants, they need to understand that citations, sources, and approved documents matter. For workflow
automation, they need to understand where human approval remains mandatory.

A safe pilot treats users as part of the control system, not as passive recipients of technology.

Test failure, not only success

A vendor demonstration usually shows success. A safe pilot should also test failure.

What happens when the user asks an unclear question? What happens when the source documents
conflict? What happens when a customer request falls outside policy? What happens when the AI
produces a confident but wrong answer? What happens when the system is unavailable? What happens
when a user tries to enter restricted data? What happens when permissions should prevent access? What
happens when the model refuses to answer? What happens when the output requires escalation?

These tests are not pessimism. They are responsible design.

For a customer-service pilot, the team might test routine questions, ambiguous questions, complaints,
emotional language, refund requests, vulnerable-customer indicators, and topics outside the approved
scope. The tool should not handle all of these in the same way. Some should be answered with agent
review. Some should be escalated. Some should be refused. Some should trigger a human-only process.

For a finance pilot, the team might test clean data, missing data, inconsistent data, unusual transactions,
and requests for unsupported conclusions. The tool should not invent certainty where the data is weak.

For an HR pilot, the team might test policy lookups, manager questions, sensitive employee situations, and
jurisdiction-specific issues. The system should stay within approved guidance and direct users to human
HR or legal review where appropriate.

A pilot that only tests easy cases will produce fragile confidence. A pilot that tests boundaries will produce
useful confidence.
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Measure learning as well as performance

The next chapter will deal with return on investment and business impact in more detail. For pilot design,
the important point is this: measurement should include learning value as well as performance value.

Performance value asks whether the pilot improved a business outcome. Did the work become faster? Did
quality improve? Did customers receive better service? Did errors decrease? Did managers get better
insight? Did a process become easier to control?

Learning value asks what the organisation now understands that it did not understand before. For example:

● Which data sources are reliable enough for AI-supported work?

● Which user groups adopt the tool and which resist it?

● Which tasks are suitable for AI support and which remain human-led?

● Which controls are practical rather than theoretical?

● Which vendor claims held up under real conditions?

● Which integration issues matter most?

● Which risks require stronger governance before scaling?

● Which training messages actually changed behaviour?

Learning value is especially important early in AI adoption. The first pilots are partly about building
organisational judgement. Even a pilot that does not scale may improve the next pilot if the learning is
captured.

This is why pilot documentation matters. Keep records of decisions, assumptions, test cases, user
feedback, errors, mitigations, data issues, cost observations, and governance questions. The organisation
is not only testing a tool. It is building an adoption discipline.

Common pilot mistakes

Several pilot mistakes appear repeatedly.

The first is testing the tool instead of the workflow. The team asks whether the AI can summarise, draft,
classify, or answer, but not whether the redesigned workflow produces a better business outcome. Tool
capability is only useful when it changes work in a valuable way.

The second is choosing the easiest possible conditions. If the pilot uses clean data, enthusiastic users,
simple tasks, and no real exceptions, it may look successful while teaching little about operational reality.

The third is failing to define out-of-scope use. Users naturally experiment. Managers naturally see
adjacent opportunities. Without boundaries, a low-risk pilot can drift into higher-risk use before governance
catches up.

The fourth is ignoring review burden. AI may save time in drafting but create time in checking. That may
still be worthwhile if quality improves, but it must be measured. A pilot should ask not only “How fast was
the AI?” but “How much human review was required to make the output acceptable?”

The fifth is measuring enthusiasm instead of impact. Users may enjoy a tool because it feels modern or
saves effort in visible ways. Leaders may like it because the demonstration is impressive. Enthusiasm
matters for adoption, but it is not the same as value.

The sixth is letting the pilot become permanent by accident. A team starts using the tool, finds it helpful,
and continues after the pilot period. Controls remain temporary, funding is unclear, support is informal, and
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no one has approved scale. This is how shadow operating models are created.

The seventh is treating governance as a blocker rather than a design input. Governance should not
arrive at the end to say yes or no. It should help define safe scope, data boundaries, human oversight,
monitoring, and escalation from the beginning.

The eighth is forgetting change management. Users need time, explanation, guidance, and feedback
loops. A pilot is not only a technical test; it is a behavioural test.

The ninth is declaring victory too early. A pilot that works for two weeks with ten users may justify the
next stage. It does not automatically justify enterprise rollout. Scaling introduces new users, new
exceptions, higher support needs, larger data exposure, and stronger operating-model requirements.

The tenth is failing to stop weak ideas. Some pilots should end. Leaders must make stopping acceptable
when evidence is poor. Otherwise every pilot becomes a political commitment.

Three examples of safe pilot design

Consider an internal knowledge assistant for customer-service agents. The business objective is to reduce
time spent searching for approved product guidance while improving answer consistency. The pilot
includes twenty agents in one product line for six weeks. The tool uses only current approved
knowledge-base articles. It suggests answers but does not send them to customers. Complaints, refunds,
legal questions, safety issues, and account-specific decisions are out of scope. Success is measured by
search time, answer quality review, agent satisfaction, escalation rates, and error reports. Human oversight
sits with agents and team leads. The decision gate asks whether to expand to another product line,
redesign the knowledge base, or stop.

Now consider a finance commentary drafting pilot. The objective is to help finance managers produce first
drafts of monthly variance commentary faster and more consistently. The pilot uses a controlled set of
management reports and prior approved commentary. It excludes forecasts, external reporting, audit
statements, tax positions, and investment recommendations. The AI drafts commentary; finance managers
review, edit, and approve. Success is measured by drafting time, review time, correction rate, quality of
explanation, and control issues identified. The pilot also tests whether the data structure is strong enough
to support reliable commentary. The decision gate asks whether to continue, improve data inputs, or limit
the tool to internal drafting only.

A third example is an HR policy assistant for managers. The objective is to help managers find approved
HR policy guidance more quickly for routine questions. The pilot includes managers in one region and uses
only approved policy documents. It excludes disciplinary matters, grievances, medical situations,
redundancies, immigration, legal interpretation, and any decision about an individual employee’s rights or
employment status. The assistant provides guidance with source links and directs sensitive matters to HR.
Success is measured by response usefulness, reduction in routine HR queries, source accuracy, manager
confidence, and escalation appropriateness. Privacy and employment-law wording require specialist
review before any broader rollout.

In each example, the pilot is useful because it is bounded. The boundaries do not reduce learning. They
make learning safe enough to trust.

The leader’s role in a pilot

Leaders do not need to configure models, write prompts, inspect every data field, or run every test. They
do need to set the tone.

The leader’s message should be clear: this pilot is designed to learn, not to force a predetermined
outcome. It will be measured against business value and responsible use. It will protect customers,
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employees, data, and the organisation. It will involve users honestly. It will not be scaled unless the
evidence supports scaling. If the pilot shows that the idea is weak, that finding will be accepted.

Leaders should ask several questions before approving a pilot:

● What decision will this pilot allow us to make?

● What business problem are we testing?

● What is in scope and out of scope?

● What data will be used, and has it been reviewed properly?

● Who owns the process, the risk, the technology, and the final decision?

● What human oversight is required?

● What would count as success?

● What would count as a reason to stop?

● How will users be trained and supported?

● How will errors, concerns, and incidents be reported?

● What happens when the pilot ends?

These questions are simple. They are also the difference between governed adoption and hopeful
experimentation.

Reader exercise: complete the Pilot Canvas

Choose one AI use case from your prioritised list. Before discussing tools, write a first version of the Pilot
Canvas:

● Pilot name.

● Business objective.

● Executive sponsor.

● Process owner.

● Use case.

● Scope.

● Out of scope.

● Data required.

● Tool or vendor.

● Success criteria.

● Risks and mitigations.

● Human oversight.

● Timeline.

● Budget.

● Decision gate.
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Then review the canvas with the people who would actually be affected: users, process owners, IT, data,
security, privacy, legal or compliance where needed, and the business sponsor.

Finally, ask one hard question: if this pilot produced mixed evidence, would we know what decision to
make?

If the answer is no, the pilot is not ready. Tighten the scope, improve the measures, clarify the risks, and
define the decision gate before starting.

Summary

A safe AI pilot is a controlled business experiment. It is designed to produce a decision, not just activity. It
has a clear objective, narrow but meaningful scope, explicit exclusions, defined data boundaries, user
involvement, risk controls, human oversight, success criteria, and a decision gate.

The best pilots create evidence. They show whether the use case improves real work, whether users adopt
it, whether the data is ready, whether the tool behaves acceptably, whether risks can be managed, and
whether the organisation is ready to move further.

A pilot that stops a weak idea is useful. A pilot that reveals missing data is useful. A pilot that exposes a
poor workflow is useful. A pilot that shows a vendor is not fit for purpose is useful. The only truly poor pilot
is one that consumes time and money without improving the organisation’s judgement.

Once the pilot is designed, the next challenge is measurement. Leaders need to know not only whether the
pilot felt successful, but whether it created business impact. That means separating financial value,
operational improvement, customer impact, risk reduction, and learning value. That is the work of the next
chapter.
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Chapter 23 — Measuring ROI and Business Impact
The pilot has finished, or it is close to finishing. The team has gathered feedback. Users have stories. The
sponsor has a view. The vendor may have prepared an upbeat summary. Someone has a slide showing
time saved. Someone else is asking whether the organisation should now scale. Finance wants to know
what the return is. Operations wants to know whether the workflow is truly better. Risk, security, privacy,
and compliance want to know whether the controls held. The board may simply ask: “Was it worth
it?”[6][7][8][9][10][11]

This is the moment where AI measurement often becomes either too vague or too narrow.[13][15][16]

It becomes vague when leaders rely on enthusiasm, anecdotes, demonstrations, or broad claims that the
organisation is “learning.” Learning matters, but it should not become a convenient excuse for unclear
value. It becomes narrow when leaders reduce the whole question to a single financial number too early,
before they understand whether the pilot improved work, quality, customer experience, risk management,
or organisational capability.[1][3][4][13][14]

AI return on investment matters. Businesses cannot fund endless experiments. But AI measurement
should be more mature than asking, “How many hours did the tool save?” and then converting those hours
into a theoretical cost saving.[13][14][15][16]

Time saved is not automatically money saved. A tool that saves ten minutes on a task does not create
financial value unless those minutes are converted into something useful: lower overtime, more customer
cases handled, faster cycle time, higher sales capacity, better management insight, fewer errors, reduced
rework, improved employee experience, or work that can be stopped altogether. If the same people simply
use the saved time to handle more complexity, improve quality, or respond faster, the value may be real,
but it is not the same as headcount reduction.[15][16][14]

A serious business case must separate different kinds of value. Some value is financial and can be
measured directly. Some is operational and appears through speed, throughput, quality, or consistency.
Some is customer-facing and shows up in service, trust, retention, or response time. Some is risk-related
and appears when errors, control failures, compliance exposure, or security incidents are reduced. Some is
learning value: the organisation now understands its data, workflow, adoption barriers, vendor fit,
governance needs, and scaling requirements better than it did before.[6][7][8][9][10][11]

The tool for this chapter is the AI ROI Stack. It helps leaders measure AI impact across six layers:
productivity, quality, speed, revenue or capacity, risk reduction, and learning value. The stack does not
remove the need for financial discipline. It improves it by preventing leaders from forcing every benefit into
one simplistic number.[15][16][13][14]

Why AI measurement is difficult

Measuring AI value is difficult for several reasons.
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AI ROI Stack
AI ROI combines productivity, quality, speed, revenue or capacity, risk reduction, and …

minus the full cost of operation.

Learning value

Risk reduction

Revenue / capacity

Speed

Quality

Productivity

Figure 23.1

First, AI often changes parts of a workflow rather than replacing the whole workflow. A customer-service
agent may spend less time searching for policy guidance, but still spend time understanding the customer,
checking context, editing the response, and escalating sensitive cases. A finance manager may draft
commentary faster, but still spend time reviewing assumptions, correcting weak explanations, and
approving the final version. A sales team may prepare for calls more quickly, but the revenue effect
depends on targeting, execution, customer need, pricing, market conditions, and follow-up
discipline.[1][3][4][13][14][15]

Second, AI value is often mixed. The same pilot may save time, improve consistency, increase review
burden, reveal data problems, reduce user frustration, and create new governance work. A simple
before-and-after number can hide this complexity. Leaders need a measurement approach that shows the
whole picture rather than only the attractive part.[1][3][4][13][15][16]

Third, AI performance can vary by task, user, data quality, and context. A tool may work well for routine
questions but poorly for edge cases. It may help experienced staff more than new staff, or it may help new
staff by giving them better guidance while experienced staff find it slower. It may perform well when source
documents are current and badly when guidance is duplicated or contradictory.[1][4][6][7]

Fourth, early pilots often measure potential rather than mature value. A pilot with twenty users over six
weeks can show whether a workflow is promising. It usually cannot prove the full economics of enterprise
rollout. Scaling introduces new costs: integration, support, training, monitoring, model or vendor
management, process redesign, data governance, user adoption, change management, and leadership
reporting.[1][3][4][13][14][6]

Fifth, AI creates new costs that are easy to ignore. Licences are only the visible part. The organisation may
also pay for data clean-up, system integration, security review, privacy assessment, legal support, vendor
management, training, process redesign, user support, monitoring, audit, incident response, and ongoing
improvement. Internal staff time is a cost even when no invoice appears.[6][7][8][9][10][11]
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For all these reasons, AI measurement should be careful, practical, and staged. It should not demand
perfect certainty before action, but it should demand enough evidence to make the next decision
responsibly.[13][15][16]

Start with the decision, not the dashboard

The first question is not “What can we measure?” The first question is “What decision must the
measurement support?”[13][15][16]

A pilot measurement pack might support one of four decisions:[13][15][16]

● 1. Stop the use case. The value is weak, the risk is too high, adoption is poor, data is not ready, or the
cost of making it work is not justified.

● 2. Redesign and retest. The idea has merit, but the workflow, scope, data, tool, controls, or training
needs to change.

● 3. Extend the pilot. The evidence is promising but incomplete, and a further controlled test is justified.

● 4. Scale selectively. The pilot has shown enough value, control, and adoption to justify a broader rollout
with a proper operating model.[1][3][4][13][14][15]

Each decision requires different evidence. If the question is whether to stop, the evidence may focus on
unacceptable error rates, low adoption, high review burden, poor data quality, user rejection, or excessive
risk. If the question is whether to scale, the evidence must be broader: value, cost, risk, support,
integration, governance, training, and operational ownership.[1][3][4][13][14][21]

Do not start with a dashboard full of available numbers. Start with the decision and then identify the
measures that matter.

A good measurement question is specific:[13][15][16]

● Did the customer-service knowledge assistant reduce time spent searching for approved answers while
maintaining or improving answer quality?

● Did the finance commentary assistant reduce drafting effort without increasing control risk or review
burden beyond an acceptable level?

● Did the sales proposal assistant improve proposal preparation speed and consistency without
weakening brand, legal, or pricing controls?

● Did the HR policy assistant reduce routine HR queries while correctly escalating sensitive matters?

● Did the forecasting model improve planning decisions enough to justify its data, integration, and
monitoring costs?

These questions connect measurement to business purpose. They also prevent a common trap:
measuring what is easy rather than what matters.

The AI ROI Stack

The AI ROI Stack is a practical way to separate the different kinds of impact an AI initiative can create. It
has six layers.

● 1. Productivity value: Does the work take less human effort?

● 2. Quality value: Is the work more accurate, consistent, complete, or useful?

● 3. Speed value: Does the process move faster from start to finish?
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● 4. Revenue or capacity value: Does the organisation serve more customers, win more work, improve
conversion, protect retention, or increase useful output?

● 5. Risk reduction value: Does the AI-enabled workflow reduce errors, control failures, compliance
exposure, security risk, customer harm, or operational fragility?

● 6. Learning value: What has the organisation learned about data, process, people, tools, governance,
cost, and scaling?

The stack is not a scoring model by itself. It is a conversation structure. For each layer, leaders ask: what
changed, how do we know, what is the evidence quality, what costs were required, what risks appeared,
and what would happen if we scaled?

Some use cases will be strongest in one layer. A document drafting assistant may create productivity and
speed value. A quality-inspection tool may create quality and risk-reduction value. A service triage tool may
create speed, customer-experience, and capacity value. A compliance knowledge assistant may create
consistency and risk-reduction value. A first pilot may create modest immediate value but high learning
value that improves later projects.

The point is not to claim every layer. The point is to avoid missing value or exaggerating it.

Layer 1: productivity value

Productivity value asks whether the AI-enabled workflow reduces human effort for a defined task.

This is usually where measurement begins because it is visible. Users can often say whether the tool
helped them draft, search, summarise, classify, prepare, analyse, or respond faster. But productivity
measurement must be disciplined.

First, define the task. “AI saved time in finance” is too broad. “AI reduced the average time required to
produce a first draft of monthly variance commentary for internal management review” is measurable.

Second, measure the whole workflow, not only the AI step. If the AI produces a draft in two minutes but the
human spends twenty minutes correcting it, the relevant measure is not “draft created in two minutes.” It is
total time to acceptable output.

Third, include review time. AI often shifts effort from creation to checking. That may still be valuable. A
manager may prefer reviewing a reasonable draft to writing from a blank page. But review burden is part of
the economics.

Fourth, distinguish individual productivity from organisational productivity. If one person saves time but a
reviewer, manager, IT support person, or compliance officer spends extra time managing the workflow, the
net value may be smaller than the user experience suggests.

Fifth, decide what saved time becomes. There are several possibilities:

● Cost reduction: the organisation can reduce overtime, contractor spend, temporary support, or
eventually capacity needs.

● Higher output: the same team can handle more cases, proposals, reports, tickets, or analysis.

● Faster service: customers or internal stakeholders receive responses sooner.

● Better quality: staff use saved time to check, improve, personalise, or follow up.

● More strategic work: skilled employees spend less time on repetitive preparation and more time on
judgement, relationship, planning, or problem solving.
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Only the first category is direct cost reduction. The others may still be valuable, but they should be named
honestly.

A responsible productivity statement might be: “In the pilot, users reported and time logs indicated that
first-draft preparation took less effort. However, review time remained material, and the saved time is best
treated as capacity for faster turnaround and improved quality rather than immediate cash saving.”

That statement is less exciting than a large theoretical savings number. It is also more credible.

Layer 2: quality value

Quality value asks whether the AI-enabled workflow improves the standard of work.

Quality matters because speed without quality is not value. A tool that produces faster customer responses
but increases errors may damage trust. A tool that drafts sales proposals quickly but introduces
unsupported claims may create legal or reputational risk. A tool that summarises management information
quickly but misses important exceptions may weaken decisions.

Quality can be measured in several ways:

● Error rates before and after the pilot.

● Rework or correction rates.

● Review scores from supervisors or subject-matter experts.

● Consistency against approved policy, brand, or process standards.

● Completeness of required fields, checks, or explanations.

● Source accuracy for knowledge assistants.

● Escalation accuracy for triage tools.

● User confidence after review, not blind trust before review.

For generative AI, quality measurement should include unsupported statements, missing context, wrong
tone, incorrect source use, and overconfident language. For predictive AI, it should include false positives,
false negatives, performance across different groups or categories, and whether users understand the
limits of the score or recommendation. For retrieval-based systems, it should include whether answers are
grounded in approved sources and whether the system handles missing or conflicting documents safely.

Quality value is sometimes more important than time saving. A compliance team may not save many
hours, but if AI helps staff find approved obligations more consistently, the business may reduce risk. A
service team may not reduce headcount, but if answer consistency improves, customer trust and complaint
handling may improve. A finance team may still spend time reviewing reports, but if commentary becomes
clearer and more complete, management decisions may improve.

The key is to avoid vague claims such as “quality improved.” Define what quality means for the workflow.

Layer 3: speed value

Speed value asks whether the end-to-end process moves faster.

This is different from productivity. Productivity is about effort. Speed is about elapsed time. A process can
require the same amount of effort but finish sooner because waiting time, handoffs, or bottlenecks are
reduced. Conversely, a tool may save effort for one person but not improve cycle time if the work still waits
in a queue for approval.

AI can improve speed in several ways:
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● Drafting first versions faster.

● Routing work to the right team sooner.

● Finding information faster.

● Flagging exceptions earlier.

● Reducing back-and-forth caused by incomplete information.

● Helping managers review options before meetings.

● Supporting faster customer responses.

Measure speed at the level customers, employees, or managers experience it. For customer service, this
may mean time to first response, time to resolution, or time to correct escalation. For finance, it may mean
days to produce management commentary or time from data close to insight. For sales, it may mean time
from opportunity identification to proposal submission. For operations, it may mean time from exception
detection to action.

Speed has value when faster movement matters. It may improve customer experience, reduce backlog,
improve cash collection, speed up decision cycles, reduce operational disruption, or allow more timely
intervention. But faster is not always better. In legal, compliance, safety, employment, healthcare, financial
advice, and other sensitive contexts, appropriate review may matter more than speed. AI measurement
should not reward unsafe acceleration.

A useful speed measure includes guardrails: “The process became faster while maintaining required
review and escalation controls.” Without that second half, speed can become a risk.

Layer 4: revenue or capacity value

Revenue value asks whether AI helps the organisation win, retain, or grow income. Capacity value asks
whether the organisation can produce more useful output with the same or more sustainable resources.

These are closely related but should not be confused.

In sales and marketing, AI may support lead research, segmentation, campaign testing, call preparation,
proposal drafting, account planning, or customer insight. But leaders should be careful about attributing
revenue directly to AI. Revenue depends on many factors: market demand, pricing, product fit, sales skill,
brand, competition, customer timing, and service delivery.

A responsible approach is to measure intermediate commercial indicators before claiming direct revenue
impact:

● Faster proposal turnaround.

● More complete account research.

● Higher-quality call preparation.

● Better follow-up consistency.

● Improved campaign testing discipline.

● Conversion changes where a comparison group exists.

● Retention or expansion indicators where the link is plausible and monitored.

For capacity, AI may allow the same team to handle more service tickets, produce more analysis, review
more documents, process more invoices, inspect more items, or manage more internal requests. Capacity
value is especially important where demand exceeds current ability. If a service team has a backlog,
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AI-supported triage and knowledge retrieval may improve throughput without reducing staff. If a legal team
is overloaded with routine contract queries, AI-supported intake and document comparison may help them
focus specialist attention where it matters.

Capacity value should still include quality and risk controls. More output is not valuable if errors rise,
customers are frustrated, or staff burn out reviewing unreliable AI work.

When claiming revenue or capacity value, use cautious wording unless the evidence is strong. “The pilot
indicates potential to increase proposal capacity” is safer than “AI increased revenue” when the revenue
link has not been isolated.

Layer 5: risk reduction value

Risk reduction value asks whether the AI-enabled workflow lowers exposure to errors, inconsistency,
control failure, customer harm, compliance problems, security issues, or operational fragility.

This layer is often under-measured because risk reduction is harder to convert into a simple return figure.
But for many AI use cases, it is central.

AI can support risk reduction when it helps:

● Flag anomalies for review.

● Identify missing information.

● Route sensitive cases to specialists.

● Apply approved policy language more consistently.

● Monitor large volumes of documents or transactions for patterns.

● Improve audit trails for certain workflows.

● Reduce reliance on informal knowledge held by a few employees.

● Detect exceptions earlier.

However, AI can also increase risk. It can produce false confidence, fabricate plausible answers, expose
data, automate bias, weaken accountability, obscure reasoning, or encourage users to skip review. Risk
measurement must therefore track both sides: risks reduced and risks introduced.

Useful risk measures include:

● Number and type of errors found during review.

● Rate of unsupported or incorrect AI outputs.

● Escalation accuracy.

● Incidents, near misses, and policy breaches.

● Sensitive-data handling issues.

● Auditability of decisions and outputs.

● User overreliance indicators.

● Bias or fairness concerns where relevant.

● Control effectiveness against agreed risk criteria.

Risk reduction should not be claimed casually. If the evidence is not yet strong, say so. A pilot may show
that a tool can support risk management under controlled conditions, but final wording for regulated, legal,
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employment, privacy, security, or customer-impact claims should be reviewed by appropriate specialists or
external communication.

Layer 6: learning value

Learning value asks what the organisation now knows that it did not know before.

This may sound softer than financial value, but in early AI adoption it is often one of the most important
outcomes. The businesses that benefit from AI are not only buying tools. They are learning how to choose
use cases, prepare data, redesign workflows, train people, govern risk, select vendors, measure impact,
and scale responsibly.

A pilot can create learning value by revealing:

● Which data sources are usable, outdated, duplicated, incomplete, or poorly owned.

● Which processes are stable enough for AI support and which need redesign.

● Which users adopt quickly and which need more support.

● Which tasks are suitable for AI assistance and which remain human-led.

● Which vendor claims hold up in real work.

● Which controls are practical and which are burdensome.

● Which risks are theoretical and which appear in daily use.

● Which metrics are easy to collect and which require new instrumentation.

● Which internal capabilities must be built before scaling.

Learning value should be documented, not merely discussed. The organisation should maintain a simple
lessons log for each pilot: assumptions tested, evidence gathered, surprises, data issues, user feedback,
errors, control gaps, cost observations, and recommendations for the next stage.

Learning value is not an excuse to continue weak projects indefinitely. A pilot can be valuable because it
teaches the organisation to stop. The discipline is to capture the learning and then make the decision.

Costs: the part of ROI leaders often underestimate

Return on investment requires both return and investment. Many AI business cases are weak because
they describe benefits in detail and costs vaguely.

A practical AI cost model should include:

● Software, licences, usage fees, model costs, or platform charges.

● Implementation and configuration.

● Data preparation, cleansing, labelling, access control, or knowledge-base improvement.

● Integration with existing systems.

● Security review and controls.

● Privacy, legal, compliance, or risk assessment where needed.

● Vendor evaluation, procurement, and contract management.

● Training for users, managers, reviewers, and support teams.

● Change management and communications.
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● Human review and oversight time.

● Monitoring, testing, audit, and incident response.

● Internal product ownership and support.

● Ongoing improvement as processes, data, tools, models, and regulations change.

Some costs are one-off. Others continue. Some increase during scaling. A pilot may look inexpensive
because it uses manual workarounds, a small user group, limited integration, and temporary support from
enthusiastic staff. Scaling may require a more serious cost base.

This does not mean AI is unaffordable. It means the business case should be honest. Underestimating cost
creates false ROI and damages trust when the real operating model appears.

Building the measurement plan

The measurement plan should be designed before the pilot starts, refined during the pilot, and reviewed at
the decision gate. If measurement begins only after the pilot ends, the team may discover that the baseline
was never captured, the right data was not collected, or user feedback is too anecdotal to support a
decision.

A practical measurement plan includes eight elements.

1. Business objective

State the problem the use case is meant to improve. The objective should connect to the use-case
prioritisation and pilot canvas. If the objective is unclear, measurement will become scattered.

2. Baseline

Define current performance before AI. How long does the task take now? What is the current error rate?
How much rework occurs? What is the current cycle time? How many cases are handled? What is the
current customer or employee experience? What risks or control issues already exist?

The baseline does not need to be perfect, but it must be good enough to support comparison.

3. Metrics by ROI layer

Choose a small number of measures across the relevant layers of the AI ROI Stack. Do not measure
everything. Select the measures that support the decision.

For example, a service knowledge assistant might measure search time, response quality, escalation
accuracy, agent satisfaction, customer complaint signals, error reports, and review burden. A finance
drafting assistant might measure drafting time, review time, correction rate, commentary quality, control
issues, and manager usefulness.

4. Evidence source

Identify how each measure will be collected: system logs, time tracking, quality review, supervisor scoring,
user survey, customer feedback, error reports, audit checks, financial data, or manual sampling.

Evidence quality matters. A user survey can be useful, but it is not the same as measured cycle time or
independent quality review. A vendor report can be informative, but it should not be the only evidence.

5. Comparison method

Where possible, compare pilot results with a baseline, a control group, a previous period, or a matched set
of tasks. Perfect experimental design is not always practical in business settings, but some comparison is



The AI Pivot — reader PDF 203

usually better than none.

Be careful with seasonal effects, workload changes, user selection, and task mix. If the pilot uses only
enthusiastic users or simple cases, say so in the interpretation.

6. Cost tracking

Track both external costs and internal effort. Internal time should be visible even if it is not charged to the
project. Otherwise, leaders may mistake hidden labour for free progress.

7. Risk and control evidence

Include evidence on errors, incidents, near misses, escalation, sensitive data, user overreliance, and
whether human oversight worked as designed. A pilot that creates value but fails controls is not ready to
scale.

8. Decision rule

Define how evidence will be interpreted. What would justify stopping, redesigning, extending, or scaling?
Do not wait until the final meeting to invent the decision standard.

Example: measuring a customer-service knowledge assistant

Imagine a pilot that tests an AI-assisted knowledge tool for service agents handling routine product-setup
questions. The objective is to reduce time spent searching for approved guidance while improving answer
consistency.

The measurement plan might include:

● Productivity: average time agents spend searching for guidance before and during the pilot.

● Quality: supervisor review of a sample of responses for accuracy, completeness, tone, and alignment
with approved policy.

● Speed: time to first meaningful response and time to resolution for included query types.

● Capacity: number of routine queries handled per agent, adjusted carefully for workload mix.

● Risk reduction: rate of incorrect answers, out-of-scope attempts, escalation accuracy, and any
sensitive-data issues.

● Learning: quality of the knowledge base, user adoption patterns, common failure modes, training
needs, and integration requirements.

● Cost: licence cost, configuration, knowledge-base clean-up, training time, review time, support time,
and governance effort.

At the decision gate, leaders might find that search time fell and agents liked the tool, but quality varied
because source documents were inconsistent. The right decision might not be immediate scaling. It might
be to improve the knowledge base, tighten source governance, retrain users, and run a second pilot in
another product area.

That is not a disappointing outcome. It is a useful business decision based on evidence.

Example: measuring finance commentary drafting

Now consider a finance pilot where AI drafts first versions of monthly variance commentary for internal
management reports.
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The measurement plan might include:

● Productivity: time to produce first draft and time to final approved commentary.

● Quality: finance-manager review of explanation accuracy, completeness, clarity, and whether
unsupported conclusions appeared.

● Speed: time from reporting data availability to management-ready commentary.

● Capacity: ability of finance managers to spend more time on analysis and business partnering rather
than drafting routine text.

● Risk reduction: control issues, unsupported claims, audit concerns, and whether human approval
remained clear.

● Learning: data structure weaknesses, prompt or template requirements, review standards, and limits of
the tool.

● Cost: tool usage, configuration, training, review time, finance leadership oversight, and any integration
work.

The pilot may show that AI is useful for first drafts but not for final interpretation. That finding is valuable.
The scaled workflow may deliberately keep AI in a drafting and summarisation role while preserving
finance accountability for judgement, approval, and communication.

Common measurement mistakes

Several mistakes weaken AI measurement.

The first is counting theoretical hours as realised savings. If users report that a task feels faster, do not
automatically multiply minutes saved by salary cost and call it ROI. Ask what changed in capacity, cost,
service, quality, or output.

The second is ignoring review burden. AI may reduce creation time while increasing checking time.
Measure both.

The third is using vendor-provided metrics as the whole evidence base. Vendors can provide useful
data, but the organisation needs its own view of business impact, risk, user adoption, and cost.

The fourth is measuring only successful cases. Include edge cases, failures, escalations, refusals,
corrections, and user workarounds.

The fifth is forgetting the baseline. Without a before measure, the organisation may not know whether
performance improved or whether the pilot simply felt modern.

The sixth is confusing adoption with value. High usage may indicate usefulness, but it can also indicate
management pressure, novelty, or lack of alternatives. Low usage may indicate poor design, weak training,
bad fit, or insufficient workflow integration. Usage needs interpretation.

The seventh is measuring too many things. A long dashboard can hide the few measures that matter.
Select metrics linked to the decision.

The eighth is declaring enterprise ROI from a small pilot. A pilot can justify the next stage. It rarely
proves full-scale economics by itself.

The ninth is ignoring risk introduced by the tool. Value and risk must be measured together.

The tenth is failing to explain uncertainty. Leaders should know which findings are strong, which are
indicative, and which require further testing.
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What leaders should ask before approving scale

Before moving from pilot to scale, leaders should ask a disciplined set of questions:

● What business outcome improved, and how do we know?

● What was the baseline?

● Which ROI layers showed value: productivity, quality, speed, revenue or capacity, risk reduction,
learning?

● Which measures are based on hard data, review samples, user feedback, or interpretation?

● What costs were included and excluded?

● Did saved time become cost reduction, capacity, speed, quality, or something else?

● Did review burden increase or decrease?

● What errors, incidents, near misses, or control issues appeared?

● Did users adopt the tool in the intended workflow?

● Were any groups, tasks, customers, or cases excluded from the evidence?

● What would change at larger scale?

● What new support, integration, governance, training, or monitoring would be required?

● What decision does the evidence support: stop, redesign, extend, or scale selectively?

These questions help prevent two opposite mistakes: killing useful AI because the first return number is
imperfect, and scaling weak AI because the first story is exciting.

Reader exercise: build your AI ROI Stack

Choose one pilot or candidate use case. Complete the following exercise before making a scale decision.

1. Define the decision

What decision must the evidence support?

● Stop?

● Redesign?

● Extend testing?

● Scale selectively?

2. State the business objective

What problem is the AI-enabled workflow meant to improve? Be specific.

3. Capture the baseline

What is current performance before AI? Include effort, quality, speed, cost, risk, customer impact, or
employee impact where relevant.

4. Complete the AI ROI Stack

For each layer, write the expected benefit, evidence source, and result.
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| ROI layer | Expected benefit | Evidence source | Pilot result | Confidence level | |---|---|---|---|---| |
Productivity | | | | | | Quality | | | | | | Speed | | | | | | Revenue or capacity | | | | | | Risk reduction | | | | | |
Learning value | | | | |

5. List all costs

Include software, implementation, data preparation, integration, training, governance, review, monitoring,
support, and internal staff time.

6. Interpret the evidence

Write a plain-English recommendation:

“Based on the pilot evidence, we recommend [stop/redesign/extend/scale selectively] because…”

Then add the honest caveat:

“The main uncertainties are…”

If the recommendation cannot be written plainly, the measurement is not yet decision-ready.

Summary

AI ROI should be measured with discipline, but not with false simplicity. The question is not only whether AI
saved time. The question is whether it improved a business outcome after costs, risks, review effort,
adoption, and operating requirements are taken into account.

The AI ROI Stack separates impact into productivity, quality, speed, revenue or capacity, risk reduction,
and learning value. This helps leaders avoid both hype and excessive narrowness. Some AI initiatives will
produce direct financial value. Others will create capacity, consistency, faster service, better decisions,
reduced risk, or learning that improves the organisation’s next choices.

Good measurement starts before the pilot begins. It defines the decision, captures the baseline, selects
relevant measures, identifies evidence sources, tracks real costs, monitors risk, and uses a decision rule. It
also explains uncertainty honestly.

A pilot that shows weak ROI should not be dressed up as success. A pilot that shows strong learning but
limited immediate value should not be dismissed automatically. A pilot that shows value under controlled
conditions should not be scaled without understanding what the operating model will require.

Once leaders know how to measure impact, the next question is how to turn a successful pilot into
something the business can run reliably. Scaling AI is not simply buying more licences or adding more
users. It requires ownership, integration, support, training, governance, monitoring, funding, and
continuous improvement. That is the work of the next chapter.
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Chapter 24 — Scaling from Pilot to Operating
Model
The pilot worked.

At least, that is what the first meeting suggests. Users liked the tool. The workflow moved faster. The
sponsor can point to useful evidence. The risk team did not find anything alarming under the pilot controls.
Finance can see a plausible path to value. The vendor is ready to expand. A few managers are asking
when their teams can get access. Someone says, with understandable excitement, “Let’s roll it
out.”[1][3][4][9][11]

This is the moment where many AI initiatives become fragile.

A pilot is a controlled test. Scaling is an operating commitment. The difference is not just size. It is
responsibility. During a pilot, exceptional effort is often acceptable. A small group of enthusiastic users can
tolerate rough edges. A project team can answer questions manually. A sponsor can keep attention high.
Data can be cleaned for one narrow purpose. Governance can rely on close supervision. The vendor can
provide extra help. Everyone knows they are part of an experiment.[1][3][4][9][11]

At scale, the organisation needs something different. The AI-enabled workflow must work on ordinary days,
with ordinary users, under ordinary pressure. It must be supported when the original project team is busy. It
must handle exceptions. It must be monitored. It must have owners. It must fit into processes, systems,
policies, training, budgets, reporting, and risk management. It must keep improving as business conditions,
data, tools, models, users, regulations, and customer expectations change.[1][3][4][14][15]

Scaling AI is therefore not the act of giving more people access. It is the act of turning a promising use
case into a repeatable business capability.[13][14]

That distinction matters because AI can look easier to scale than it really is. A software licence can be
expanded quickly. A chatbot can be switched on for more users. A drafting assistant can be added to a
platform. A predictive model can be connected to a wider dataset. But the operating model around the tool
is usually harder than the technical expansion. Who owns the workflow? Who approves changes? Who
monitors errors? Who updates the knowledge base? Who trains new users? Who decides whether outputs
are good enough? Who pays for ongoing support? Who handles incidents? Who explains the system to
customers, employees, auditors, regulators, or the board if something goes wrong?[19][14][15]

If those questions are unanswered, the organisation is not scaling AI. It is spreading a dependency.

The tool for this chapter is the Scaling Readiness Gate. It helps leaders decide whether a successful pilot
is genuinely ready to move into broader use. The gate does not exist to slow progress for its own sake. It
exists to prevent premature scaling: the point at which a good experiment becomes a weak operating
process.

The difference between pilot success and scale readiness

A pilot can succeed for reasons that do not survive scaling.
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Scaling Readiness Gate
A pilot is ready to scale only when value, workflow fit, ownership, data, technology, c…

oversight, support, and funding are mature enough.

Value

Evidence required

Workflow fit

Evidence required

Ownership

Evidence required

Data

Evidence required

Technology

Evidence required

Controls

Evidence required

Oversight

Evidence required

Funding

Evidence required

Figure 24.1

It may succeed because the user group was unusually motivated. It may succeed because the project
team manually fixed data issues behind the scenes. It may succeed because the scope was narrow and
avoided difficult cases. It may succeed because the vendor assigned its best people. It may succeed
because leaders paid close attention for six weeks. It may succeed because users were forgiving, knowing
the tool was experimental.[1][3][9][11]

None of that invalidates the pilot. Pilots are meant to test controlled conditions. But leaders must ask a
second question after the pilot: what would happen when this becomes normal work?

The answer may be encouraging. The pilot may have shown real value, manageable risk, strong adoption,
reliable data, clear ownership, and a practical path to integration. In that case, the next step may be
selective scaling.[13][14][21][22][23]

The answer may also be mixed. The business value may be real, but the knowledge base may need
ownership. Users may like the tool, but managers may not yet know how to review outputs. The technology
may perform well, but integration with existing systems may be missing. The risk controls may work for a
small group, but not for hundreds of users. The cost model may look attractive at pilot size but less
attractive once training, support, monitoring, and governance are included.[1][3][4][19][21][22]

In those cases, the right answer is not necessarily to stop. It may be to strengthen the operating model
before expanding.

A useful way to think about the transition is this:

● A pilot asks: Can this AI-enabled workflow create useful value under controlled conditions?

● Scaling asks: Can the business run, govern, support, improve, and afford this workflow as part of
normal operations?

Those are related questions, but they are not the same question.
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Scaling is an operating-model decision

An operating model is the practical system through which work gets done. It includes roles, processes,
systems, data, decisions, controls, funding, measures, suppliers, skills, and governance. AI changes the
operating model because it changes who does what, what information is used, how decisions are
supported, what risks appear, and what evidence is needed to trust the work.[1][3][4][14][15]

This is why scaling AI cannot be owned by the technology team alone. Technology is essential, but scaling
requires business ownership.[21][22][23]

Consider a customer-service knowledge assistant. The technology team may manage integration, access,
security, and platform reliability. But the service function owns the customer workflow. The
knowledge-management owner must keep source content accurate. Team leaders must coach agents on
appropriate use. Compliance or legal may need to approve certain answer categories. Risk or quality
teams may sample outputs. HR or learning teams may update training. Finance may monitor the cost and
value case. Procurement may manage the vendor. Senior leadership may need reporting on adoption,
value, and risk.[9][10][11][12][2][17]

If all of this is treated as “the AI project,” accountability becomes blurred. If it is treated as an operating
capability, each part of the system has an owner.[1][3][4][13][14]

The same is true for finance commentary drafting, sales proposal support, HR policy assistants, legal
intake tools, maintenance prediction, inventory forecasting, procurement analysis, document processing, or
internal management copilots. The AI element may be new, but the business responsibility
remains.[1][3][4][14][15][9]

A simple test is to ask: if the project team disappeared tomorrow, who would keep this working?

If the answer is unclear, the organisation is not ready to scale.

The Scaling Readiness Gate

The Scaling Readiness Gate is a decision checkpoint between pilot and broader rollout. It asks whether the
organisation has enough evidence and operating capability to expand responsibly.[13][14]

The gate has ten dimensions:

● 1. Business value: The pilot showed a clear improvement in a business outcome.

● 2. Workflow fit: The AI-enabled process is designed for real work, not just demonstration.

● 3. Ownership: Business, technical, data, risk, and support responsibilities are named.

● 4. Data and knowledge readiness: Required data or source content is accurate enough, governed,
accessible, and maintained.

● 5. Technology and integration: The tool can fit into the organisation’s systems, identity, security, and
workflow environment.

● 6. Risk and controls: Risks are understood, mitigated, monitored, and accepted at the right level.

● 7. Human oversight: Review, approval, escalation, override, and audit responsibilities are practical at
scale.

● 8. People and adoption: Users, managers, and support teams are trained and ready for the changed
workflow.

● 9. Economics and funding: Costs and benefits are understood beyond the pilot, including ongoing
support and improvement.
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● 10. Monitoring and improvement: The organisation knows how performance, incidents, adoption, drift,
and value will be tracked over time.[9][10][11][12][1][3]

The gate should produce one of four decisions:

● Do not scale. The evidence or risk profile does not justify expansion.

● Fix before scaling. The use case has merit, but one or more readiness gaps must be closed first.

● Scale selectively. Expand to a defined group, process, geography, product line, or customer segment
with clear controls.

● Scale as an operating capability. Move into broader rollout with named ownership, funding,
governance, support, monitoring, and continuous improvement.[1][3][4][13][14][21]

Most organisations should expect selective scaling before enterprise scaling. AI adoption usually benefits
from waves. Each wave tests the operating model under slightly broader conditions. This is slower than a
dramatic launch, but it is faster than recovering from a poorly controlled rollout.[13][14]

Dimension 1: business value

Scaling begins with value. The question is not whether the pilot was interesting. The question is whether
the AI-enabled workflow improved something the business cares about.

The evidence may come from the AI ROI Stack described in the previous chapter: productivity, quality,
speed, revenue or capacity, risk reduction, and learning value. The scale decision should be connected to
that evidence. If the pilot did not show enough value, scaling is difficult to justify. If the pilot showed value
only for a narrow user group or task type, scaling should stay within that boundary until more evidence is
gathered.[15][16][13][14]

Leaders should be careful with weak value statements. “Users liked it” is useful but not enough. “The tool
was used heavily” is not enough. “The vendor says similar companies have achieved savings” is not
enough. “It feels modern” is not enough.

A stronger value statement looks like this:

“The pilot reduced search effort for routine service queries, improved answer consistency in sampled
reviews, and identified knowledge-base gaps that can be fixed before expansion. The evidence supports
selective scaling to two additional service teams, not yet full customer-facing automation.”

That statement is specific. It names the benefit. It names the boundary. It avoids overclaiming.

Dimension 2: workflow fit

A pilot can prove that AI can perform a task. Scaling requires the workflow to make sense.

Many AI projects fail to scale because the tool sits beside work rather than inside work. Users must copy
and paste between systems. They must remember when to use the tool. They receive AI output but do not
know how it affects the next step. Managers cannot see whether it was used appropriately. Exceptions are
handled informally. Review is inconsistent. The AI is an extra layer, not part of the redesigned process.

Before scaling, leaders should map the future workflow clearly:

● What triggers the AI-assisted step?

● What data, document, or context does the system use?

● What output does it produce?
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● Who reviews the output?

● What standards must the output meet?

● When must the work be escalated to a human specialist?

● What is recorded for audit, learning, or quality review?

● What happens if the AI output is missing, low confidence, incomplete, or wrong?

● How does the process continue after the AI-assisted step?

The workflow should be simple enough for real users to follow. If it relies on heroic judgement from a few
expert pilot users, it is not yet ready.

Good workflow design also includes stopping rules. Users should know when not to use AI. A sales
proposal assistant may be suitable for first drafts but not for pricing approval. An HR policy assistant may
answer general policy questions but not make employment decisions. A legal intake tool may classify
requests but not provide legal advice. A finance commentary assistant may draft explanations but not
approve management reporting.

Scaling requires clarity about where AI supports work and where human accountability remains decisive.

Dimension 3: ownership

Every scaled AI capability needs named owners. Not committees in theory. Named roles in practice.

At minimum, leaders should identify:

● Executive sponsor: accountable for strategic priority, funding, and escalation.

● Business process owner: accountable for the workflow and operational outcomes.

● Product or capability owner: accountable for day-to-day performance, backlog, changes, and
improvement.

● Technology owner: accountable for platform, integration, access, reliability, and technical support.

● Data or knowledge owner: accountable for source data, content quality, permissions, and updates.

● Risk, security, privacy, legal, or compliance owners: accountable for review and control
requirements where relevant.

● User adoption owner: accountable for training, communication, adoption support, and feedback.

● Measurement owner: accountable for value tracking and reporting.

In smaller organisations, one person may hold more than one role. That is acceptable if the responsibilities
are explicit. What is dangerous is assuming that “the business,” “IT,” or “the project team” owns everything.

AI capabilities tend to degrade without ownership. Knowledge bases become stale. Prompts and templates
drift. Users invent workarounds. Vendors change features. Data pipelines break. Review standards
weaken. New employees are not trained. The original success story fades into a tool that people use
inconsistently or avoid altogether.

Ownership is the antidote to decay.

Dimension 4: data and knowledge readiness

AI systems depend on the quality, meaning, access, and governance of the data or knowledge they use.
During a pilot, data issues may be manageable because the scope is small. At scale, small data



The AI Pivot — reader PDF 212

weaknesses multiply.

For a retrieval-based assistant, scaling may require a governed knowledge base: approved source
documents, version control, ownership, update cadence, retirement of outdated content, permissions, and
clear treatment of conflicting guidance. For a predictive model, scaling may require stable data definitions,
integration with operational systems, monitoring for drift, and clear handling of missing or poor-quality data.
For a generative drafting tool, scaling may require approved templates, tone guidance, source rules, and
boundaries around confidential or sensitive information.

Before scaling, leaders should ask:

● Are the source documents or datasets fit for the expanded scope?

● Who owns updates?

● How often will content or data be reviewed?

● How will outdated or contradictory information be removed?

● Are access permissions appropriate?

● Does the workflow involve personal, confidential, commercially sensitive, regulated, or customer data?

● Are retention and deletion rules understood?

● Can the organisation trace which sources were used where needed?

● What happens when the AI cannot find reliable information?

Scaling a tool on top of weak data or unmanaged knowledge does not solve the problem. It spreads the
problem faster.

Dimension 5: technology and integration

The technology must be ready for broader use. This does not mean every system must be perfectly
integrated before any expansion. It means the level of integration must match the scale, risk, and value of
the use case.

A small internal drafting assistant may begin with light integration if users can safely work within approved
boundaries. A customer-facing service tool, finance workflow, regulated decision-support system, or
operational model may require stronger integration, identity management, logging, access control,
resilience, monitoring, and change management before expansion.

Technology readiness includes:

● User access and identity controls.

● Security configuration.

● Integration with relevant systems of record.

● Logging and audit trails where needed.

● Performance, availability, and support expectations.

● Data flows and access permissions.

● Version control and change management.

● Vendor service levels and escalation paths.

● Exit and contingency options.
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Leaders should also ask what happens if the AI tool is unavailable. Does work stop? Is there a manual
fallback? Can users continue safely? Are customers affected? Are operational decisions delayed?
Resilience matters more as AI becomes embedded in daily work.

A pilot can survive fragility. An operating model cannot rely on it.

Dimension 6: risk and controls

A scale decision should not revisit risk from scratch, but it should test whether pilot controls remain
practical at broader scale.

Some controls that work in a pilot do not work later. Manual review by one expert may be possible for fifty
outputs but not for five thousand. A weekly project meeting may manage issues for a small team but not for
a multi-location rollout. A vendor specialist may answer questions during the pilot but not during normal
operations. A spreadsheet incident log may be adequate for discovery but not for business-critical use.

Risk controls should be proportionate to the use case. A low-risk internal productivity assistant may need
acceptable-use rules, training, access control, and periodic review. A tool affecting customers, employees,
finance, safety, legal, compliance, credit, healthcare, insurance, or regulated activity may need stronger
controls, specialist review, documented decision rights, audit trails, testing, monitoring, and formal incident
response.

Before scaling, leaders should confirm:

● Which risks are accepted, mitigated, transferred, or avoided?

● Who has authority to accept residual risk?

● What controls are preventive, detective, and corrective?

● How will incidents and near misses be reported?

● How will sensitive or inappropriate use be detected?

● What is the escalation path for errors, complaints, bias concerns, security issues, or compliance
questions?

● How often will the risk assessment be reviewed?

Risk review should include current specialist review where legal, privacy, employment, security,
sector-regulatory, customer-impact, or safety claims are involved. This book provides business guidance,
not legal advice.

Dimension 7: human oversight

Human oversight is easy to promise and hard to operate.

During a pilot, users may be unusually careful because they know they are being observed. At scale,
pressure returns. People are busy. They may trust the tool too much. They may skip review when outputs
look plausible. They may use AI in cases where it was not intended. Managers may assume that because
the tool was approved, outputs are reliable.

Scaling requires practical oversight design. Leaders should define:

● Which outputs require human review before use.

● Which outputs can be used directly because risk is low.

● Which decisions must remain human-only.
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● Which cases must be escalated.

● What reviewers are checking for.

● How much sampling is required.

● What evidence of review is recorded.

● Who can override AI recommendations.

● How users are trained to challenge outputs.

Oversight should be designed around risk. It is not always necessary for every low-risk AI-assisted draft to
receive formal approval. But where outputs affect customers, employees, finances, legal positions,
regulated obligations, safety, or material business decisions, oversight must be more deliberate.

The aim is not to create theatre: a human rubber-stamping AI output without understanding it. The aim is
accountable judgement.

Dimension 8: people and adoption

Scaling changes the people problem. In a pilot, users are often selected, trained, and supported closely. In
broader rollout, adoption becomes uneven.

Some employees will be eager. Some will be sceptical. Some will worry about job impact. Some will use
the tool creatively but outside approved boundaries. Some will avoid it because it disrupts their habits.
Some managers will encourage thoughtful use. Others will focus only on speed. New starters may learn
the AI-enabled workflow without understanding why the controls exist.

A scale plan should include more than a training session. It should include:

● Clear explanation of the business purpose.

● Role-specific training, not generic AI awareness.

● Examples of good and bad use.

● Guidance on review, escalation, and prohibited uses.

● Manager coaching expectations.

● Feedback channels for users.

● Support for people whose work changes.

● Adoption metrics that include quality and control, not only usage.

Communication should be honest. If AI is intended to increase capacity, say so. If it may change roles, say
so carefully and responsibly. If the organisation does not yet know the long-term workforce impact, avoid
false reassurance and explain the process for review. Trust is built when leaders are clear about purpose,
boundaries, and accountability.

Adoption is not the same as access. A tool is adopted only when people use it properly in the workflow,
understand its limits, and help improve it.

Dimension 9: economics and funding

The pilot business case should be updated before scaling. Scaling changes both benefits and costs.

Benefits may grow because more users, more volume, or better integration increase value. Benefits may
also shrink because the broader user base is less expert, the workflow includes more difficult cases, or the
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early pilot group was unusually motivated. Costs almost always change. The organisation may need more
licences, higher usage allowances, integration work, data preparation, support capacity, training,
governance time, vendor management, monitoring, and ongoing improvement.

A scale business case should include:

● Expected benefit by value layer.

● Confidence level for each benefit.

● One-off scaling costs.

● Ongoing operating costs.

● Internal staff time.

● Support and training costs.

● Monitoring and governance costs.

● Vendor and usage-cost assumptions.

● Scenario ranges rather than a single precise number where uncertainty remains.

Leaders should avoid two extremes. One extreme is demanding perfect financial certainty before any
scaling. That can block sensible progress. The other is approving expansion based on pilot enthusiasm
without understanding the real cost base. The right standard is decision-ready evidence: enough evidence
to justify the next scale step, with uncertainty clearly stated.

Funding should also move from project thinking to capability thinking. If the organisation wants the
AI-enabled workflow to become part of operations, it must fund ownership, support, and improvement.
Unfunded AI capabilities become abandoned tools.

Dimension 10: monitoring and continuous improvement

AI-enabled workflows need ongoing monitoring because their performance can change. Data changes.
Customer behaviour changes. Business rules change. Products change. Policies change. Vendor models
change. Employees find workarounds. New risks appear. Regulations and expectations evolve.

Monitoring should cover more than uptime. It should include:

● Business outcome measures.

● Usage and adoption patterns.

● Quality and error rates.

● Review burden.

● Escalations and overrides.

● Incidents and near misses.

● User feedback.

● Customer or stakeholder feedback where relevant.

● Data or knowledge-base freshness.

● Cost and usage trends.

● Model, tool, or vendor changes.

● Risk-control effectiveness.
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The organisation should decide who reviews these measures, how often, and what action follows.
Monitoring without action is reporting theatre. If quality falls, who investigates? If users stop using the tool,
who diagnoses why? If costs rise, who reviews value? If a vendor changes functionality, who assesses
impact? If a new regulation or internal policy affects the use case, who updates controls?

Continuous improvement is not optional polish. It is part of responsible scaling.

Example: scaling a customer-service knowledge assistant

A customer-service team pilots an AI knowledge assistant for routine product-support questions. The pilot
shows that agents find approved answers faster, supervisors see better consistency in sampled responses,
and new agents feel more confident. However, the pilot also reveals duplicate guidance documents,
inconsistent product terminology, and uncertainty about escalation for complaints.

A premature scale decision would add all service agents and perhaps expose the assistant directly to
customers. That would be risky. The pilot evidence is promising, but the operating model is not yet ready.

A better decision might be selective scaling with readiness actions:

● Appoint a knowledge owner for product-support content.

● Clean and approve the source documents for the next two product areas.

● Define escalation rules for complaints, refunds, safety issues, or legal threats.

● Train team leaders to review output quality.

● Add reporting on unsupported answers, out-of-scope questions, and user feedback.

● Expand to two more internal agent teams before considering customer self-service.

This is not bureaucracy. It is disciplined expansion. The organisation is using pilot success as evidence for
the next controlled step, not as permission to ignore the gaps.

Example: scaling finance commentary drafting

A finance team pilots an AI assistant that drafts first versions of monthly variance commentary. The pilot
reduces drafting effort and improves consistency of structure. Finance managers still need to check
explanations, add business context, and approve final wording. The tool performs best when data tables
are standardised and account definitions are clear.

Scaling this use case requires more than giving the tool to every finance manager. The operating model
needs:

● Approved templates for commentary.

● Clear rules on what data can be used.

● Standard definitions for key accounts and variance categories.

● A review checklist for unsupported claims or weak explanations.

● Training for finance users on prompts, review, and accountability.

● Controls confirming that AI does not approve or submit final reports.

● Cost tracking for usage and support.

● A feedback loop to improve templates and data quality.
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The scale decision may be to expand to additional business units with similar reporting structures, while
excluding complex or regulated reporting until further review. That boundary is sensible. It allows value to
grow without pretending that every finance process is the same.

Common scaling mistakes

Several mistakes appear repeatedly when organisations move from pilot to scale.

The first is mistaking enthusiasm for readiness. A positive pilot is encouraging, but enthusiasm does not
replace ownership, integration, controls, support, and monitoring.

The second is expanding access without redesigning the workflow. If AI remains an optional side tool,
adoption will be inconsistent and value will be hard to measure.

The third is assuming the pilot team can become the permanent support model. Early project energy
is not an operating model. Support must be funded and assigned.

The fourth is ignoring data and knowledge maintenance. AI systems that depend on stale, duplicated,
or unowned content become less reliable over time.

The fifth is weakening human oversight under volume pressure. If review cannot operate at scale,
redesign the scope, controls, or automation level before expanding.

The sixth is letting the vendor define the scale plan. Vendors may provide useful guidance, but the
organisation owns business outcomes, risk appetite, workforce impact, and operating design.

The seventh is scaling too broadly too soon. Broad rollout may look decisive, but it can spread errors,
confusion, and distrust. Waves are usually safer.

The eighth is failing to retire or pause weak use cases. A disciplined AI programme does not scale
everything. It stops, redesigns, or narrows use cases when evidence requires it.

The ninth is measuring only rollout activity. Number of users, licences, training sessions, and prompts
submitted may be useful indicators, but they are not the same as business value.

The tenth is forgetting that scaling changes risk. More users, more data, more integrations, more
customer impact, and more dependency can change the risk profile materially.

Leader questions before scaling

Before approving broader rollout, leaders should ask:

● What exact business outcome improved in the pilot?

● What evidence supports scaling, and what evidence is still weak?

● Are we scaling the same use case, or are we quietly expanding into new use cases?

● What user groups, tasks, data, customers, or regions are included in the next wave?

● What remains out of scope?

● Who owns the workflow after the project team leaves?

● Who owns data, knowledge content, training, support, risk controls, and measurement?

● What integration is required now, and what can wait?

● What human oversight is required at the next level of volume?

● What could go wrong at scale that did not appear in the pilot?

● What is the fallback if the tool fails or produces unreliable outputs?
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● How will we monitor value, quality, risk, adoption, cost, and incidents?

● What funding is required for ongoing operation, not just rollout?

● What decision gate will determine whether we continue, expand, redesign, or stop after the next wave?

These questions help leaders keep momentum without losing control.

Reader exercise: complete the Scaling Readiness Gate

Choose one AI pilot that your organisation might scale. Complete the gate before approving expansion.

1. State the scale decision

What decision is being considered?

● Expand to more users?

● Expand to more teams?

● Expand to customer-facing use?

● Integrate into core systems?

● Move from temporary pilot funding to operating budget?

2. Define the next wave

Be specific:

● Included teams or locations:

● Included tasks:

● Included data or documents:

● Included customer or employee groups:

● Time period:

● Out of scope:

3. Score readiness

Score each dimension from 1 to 5.

| Dimension | Score | Evidence | Gap to close | Owner | |---|---:|---|---|---| | Business value | | | | | | Workflow
fit | | | | | | Ownership | | | | | | Data and knowledge readiness | | | | | | Technology and integration | | | | | | Risk
and controls | | | | | | Human oversight | | | | | | People and adoption | | | | | | Economics and funding | | | | | |
Monitoring and improvement | | | | |

4. Identify red flags

List any issues that should stop or delay scaling:

● Unclear owner.

● Weak evidence of value.

● Unresolved privacy, security, legal, employment, regulatory, safety, or customer-impact risk.

● No data or knowledge owner.
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● No practical review process.

● No support model.

● Unclear cost model.

● No monitoring plan.

● Users not trained.

● Vendor dependency not understood.

5. Choose the decision

Write one plain-English recommendation:

“Based on the Scaling Readiness Gate, we recommend [do not scale / fix before scaling / scale selectively
/ scale as an operating capability] because…”

Then add:

“The conditions for the next decision gate are…”

If the recommendation cannot be written plainly, the organisation is not ready to scale responsibly.

Summary

Scaling AI is not the same as expanding access. A pilot proves that a use case may create value under
controlled conditions. Scaling asks whether the business can run that AI-enabled workflow reliably, safely,
affordably, and repeatedly as part of normal operations.

The Scaling Readiness Gate tests ten dimensions: business value, workflow fit, ownership, data and
knowledge readiness, technology and integration, risk and controls, human oversight, people and
adoption, economics and funding, and monitoring and improvement. It helps leaders decide whether to
stop, fix before scaling, scale selectively, or move into an operating capability.

The central discipline is to preserve momentum while adding responsibility. Move too slowly, and useful
learning stalls. Move too quickly, and the organisation spreads risk, confusion, and hidden cost. The
mature path is controlled expansion: clear boundaries, named owners, practical controls, trained users,
honest economics, and ongoing monitoring.

By the end of Part IV, the implementation journey has moved from ideas to priorities, from sourcing
decisions to vendor selection, from pilots to measurement, and from measurement to scaling. The next
question is broader. Once the organisation can run individual AI capabilities responsibly, how should those
capabilities combine into strategy? That is where Part V begins: the AI-ready business.



The AI Pivot — reader PDF 220

Part V — The AI-Ready Business
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Chapter 25 — AI Strategy: From Experiments to
Competitive Advantage
The leadership team has finally moved beyond the first question.

A year ago, the discussion was simple but uncomfortable: “What are we doing about AI?” Since then, the
business has done sensible work. It has educated senior managers. It has written acceptable-use rules. It
has identified use cases. It has run pilots. One customer-service workflow is being scaled. A finance team
is using AI to draft first-pass commentary. Sales has tested account research support. HR has begun
mapping skills. IT and risk have created a basic AI register. The organisation is no longer standing
still.[14][15]

Then a board member asks a sharper question: “How does this add up to strategy?”

That is a different conversation.

Many organisations begin AI adoption through experiments. That is not a mistake. Experiments are
necessary because AI capability, vendor offerings, regulation, workforce response, data readiness, and
operating economics are still changing. Leaders need evidence. They need to learn what works inside their
own business rather than relying on conference claims or vendor demonstrations.[13][14][1][4][6][7]

But experiments alone do not create competitive advantage. A collection of pilots is not a strategy. A list of
tools is not a strategy. A budget line for AI is not a strategy. A quarterly update showing activity across
departments is not a strategy.[13][14]

AI strategy begins when leaders make explicit choices about where the organisation will use AI to improve
performance, where it will build capability, where it will differentiate, where it will deliberately not automate,
what risks it is willing to accept, and how it will keep learning.[13][14]

This chapter turns the implementation work from Part IV into a strategic management discipline. The tool is
AI Strategy on a Page. Its purpose is not to reduce strategy to a slogan. It is to force clarity. If leaders
cannot explain the AI strategy on one page, the organisation is likely to experience either scattered
experimentation or overcentralised control. Neither is enough.[1][3][4][13][14]

Why AI strategy is not the same as AI enthusiasm

AI enthusiasm can be useful at the start. It creates attention. It encourages experimentation. It helps
people question old processes. It can unlock budget for pilots that would otherwise never happen.
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AI Strategy on a Page
An AI strategy connects ambition, priority domains, principles, portfolio, capabilities,

governance, metrics, and learning cadence.

Ambition

Define clearly

Priority domains

Define clearly

Principles

Define clearly

Portfolio

Define clearly

Capabilities

Define clearly

Governance

Define clearly

Metrics

Define clearly

Cadence

Define clearly

Figure 25.1

But enthusiasm has limits. It often measures motion rather than direction. It asks how many people have
access, how many use cases are in the pipeline, how many workshops have been run, or how many tools
are being tested. Those questions may be operationally useful, but they do not answer the strategic
question: what must AI help this business become better at?

A retailer, a law firm, a manufacturer, a logistics company, a bank, a hospital group, a software company,
and a local services business may all use similar AI tools. They may all use summarisation, search,
forecasting, document processing, customer support, and content drafting. The strategic value will differ
because the businesses compete differently.

For one company, AI may help improve service responsiveness. For another, it may support lower
operating cost. For another, it may improve risk detection. For another, it may speed product development.
For another, it may help frontline staff make better decisions. For another, it may enable a new customer
experience.

The tool may be similar. The strategy is not.

This is why leaders should avoid generic AI strategies. “We will use AI to improve productivity and
innovation” is not wrong, but it is too broad to guide decisions. Almost every business could say it. It does
not tell managers which use cases matter most, how much risk is acceptable, what capabilities to build,
which data assets to improve, which vendors to depend on, or where human judgement must remain
central.[15][16]

A useful AI strategy is specific enough to shape choices.[13][14]

From projects to portfolio

The first shift is from individual projects to a portfolio of AI-enabled capabilities.

A project has a start and end point. A portfolio has balance, sequencing, ownership, and investment logic.
It includes different types of work at different stages of maturity. Some initiatives are early discovery. Some
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are controlled pilots. Some are being scaled selectively. Some are operating capabilities. Some should be
stopped because the evidence is weak or the risk is too high.[13][14][21][22][23]

Without portfolio discipline, AI adoption becomes noisy. Departments compete for attention. Vendors
shape priorities. Enthusiastic teams move faster than risk teams can support. Important but less glamorous
foundations, such as data quality and process redesign, receive less investment than visible tools. Senior
leaders see activity but struggle to see progress.[13][14][1][4][6][7]

A portfolio view helps leaders ask better questions:

● Are our AI initiatives aligned to the business strategy?

● Are we overinvesting in low-risk productivity tools while ignoring harder strategic opportunities?

● Are we taking too much risk in one area and too little learning in another?

● Do we have enough foundational work in data, governance, security, people, and process?

● Which pilots deserve scaling funding?

● Which initiatives should be paused or retired?

● Where are we building durable capability rather than temporary tool familiarity?[9][10][11][12][1][3]

The portfolio should not be judged only by the number of use cases. A small number of well-chosen,
well-governed AI capabilities may matter more than dozens of disconnected experiments.

A practical AI portfolio often contains four categories.

The first is productivity and enablement: internal tools that help employees draft, summarise, search,
prepare, analyse, and complete knowledge work faster or better. These are often the easiest starting
points, but they still need rules and measurement.[2][17][18][15][16][14]

The second is process improvement: AI embedded into specific workflows such as service triage, invoice
processing, sales proposal support, quality inspection, demand forecasting, or compliance monitoring.
These use cases usually require stronger process redesign and ownership.[1][3][4][21][22][23]

The third is decision support: AI that helps managers, analysts, specialists, or frontline teams make better
decisions through prediction, pattern detection, scenario analysis, anomaly alerts, or evidence synthesis.
These require careful attention to explainability, review, accountability, and data quality.[1][3][4][6][7]

The fourth is customer, product, or business-model innovation: AI-enabled features, services,
personalisation, support experiences, or new offerings. These may create visible differentiation, but they
also carry customer trust, brand, legal, security, and operational risks.[9][10][11][12][1][3]

A mature strategy does not choose only one category. It decides the right balance for the business now.

Competitive advantage is about learning, not just tooling

AI strategy should be grounded in a sober understanding of competitive advantage. Buying access to a
widely available tool rarely creates lasting advantage by itself. If competitors can buy the same tool, the
difference will come from how the organisation uses it.[2][20][13][14]

The advantage may come from proprietary data. It may come from better process integration. It may come
from specialist knowledge encoded into workflows. It may come from faster organisational learning. It may
come from stronger governance that lets the business move confidently while others hesitate. It may come
from better change management. It may come from customer trust. It may come from the ability to combine
AI with human expertise in a way that competitors find difficult to copy.[1][3][4][13][14]



The AI Pivot — reader PDF 224

This is a useful corrective to hype. AI does not automatically make a company strategic. It can also make a
company more generic if everyone uses the same tools in the same shallow ways.

For example, a sales team that uses AI only to send more generic outreach may damage differentiation. A
sales team that uses AI to understand account context, prepare better questions, identify relevant case
evidence, and support thoughtful follow-up may improve commercial quality. The difference is not the tool.
It is the workflow, data, standards, and management discipline around the tool.

A customer-service function that uses AI to deflect customers at all costs may create frustration. A service
function that uses AI to help agents resolve issues faster, expose knowledge gaps, improve escalation,
and eventually offer reliable self-service in narrow areas may create stronger service
capability.[2][17][18][13][14]

A product team that uses AI to generate endless ideas may become distracted. A product team that uses
AI to analyse customer feedback, test assumptions, summarise research, prototype responsibly, and
identify unmet needs may improve innovation quality.[2][17][18]

Competitive advantage appears when AI is attached to the things the business already needs to be good
at — and then makes those things measurably better.

Strategic choices leaders must make

An AI strategy should answer several choices plainly.

1. Where will AI matter most to our business model?

Start with the economics and strategy of the business, not the technology. Where does the organisation
win or lose? Speed? Trust? Cost efficiency? Expertise? Distribution? Product quality? Risk management?
Customer intimacy? Operational reliability? Innovation? Compliance? Local responsiveness? Scale?

AI should be focused where improvement matters. If customer trust is central to the business, AI strategy
must treat trust as a design requirement. If operational reliability is central, the strategy should prioritise
safe process support and resilience rather than flashy customer-facing tools. If expert advice is central, the
strategy may focus on knowledge retrieval, research assistance, quality review, and junior-staff
development.

2. Where will we differentiate, and where will we simply keep pace?

Not every AI use case needs to be a source of competitive advantage. Some uses will become basic
expectations. Document summarisation, internal search, meeting notes, coding assistance, first-draft
content, and helpdesk triage may become common capabilities in many organisations. The strategic
question is whether the business needs to excel in these areas or merely adopt them responsibly.

Leaders should separate:

● Table-stakes capabilities: needed to remain efficient or credible, but not unique.

● Performance-improvement capabilities: useful for cost, quality, speed, or decision improvement.

● Differentiating capabilities: connected to how the business wins in the market.

● Exploratory capabilities: uncertain but potentially important for future options.

This prevents two mistakes: treating every AI use case as strategic, and missing the few that genuinely
could be.

3. What will we not do?
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Good strategy includes refusal. Some AI uses may be inappropriate for the organisation’s risk appetite,
values, customers, sector, or readiness level. Others may be theoretically attractive but not worth the
complexity now.

A business might decide not to use AI for final employment decisions. It might prohibit unsupervised
customer advice in regulated areas. It might avoid using sensitive customer data in experimental tools. It
might delay autonomous operational control until safety and monitoring are stronger. It might decide that
certain human relationships should remain deliberately human-led.

These choices are not anti-AI. They are part of responsible adoption. Clear boundaries give teams
confidence to move in the areas that are allowed.

4. What capabilities must we build internally?

Even when a business buys AI tools, it still needs internal capability. Vendor dependency is not a strategy.
Leaders should decide which capabilities must be owned or understood inside the organisation.

Examples include:

● Use-case discovery and prioritisation.

● Process redesign.

● Data ownership and data-quality management.

● AI governance and risk assessment.

● Prompting and workflow design where relevant.

● Vendor evaluation and contract management.

● Measurement and benefits tracking.

● Change management and workforce training.

● Monitoring, incident response, and continuous improvement.

● Product ownership for AI-enabled workflows.

The business does not need every technical skill in-house. But it does need enough internal competence to
make informed decisions, challenge vendors, manage risk, and learn from experience.

5. How will we fund AI beyond pilots?

AI funding often begins as experimentation money. That is useful, but strategy requires a more durable
investment model.

Leaders should distinguish between:

● Discovery funding for exploration and small tests.

● Pilot funding for controlled evidence-gathering.

● Scaling funding for integration, training, support, and change.

● Operating funding for ongoing licences, monitoring, data maintenance, governance, and improvement.

● Foundation funding for data, security, architecture, and skills that support multiple use cases.

If funding remains trapped in pilot mode, the organisation will produce demonstrations without building
capability. If funding jumps too quickly to large programmes, the organisation may scale before evidence is
strong enough. The right funding model releases investment as evidence and readiness improve.



The AI Pivot — reader PDF 226

AI Strategy on a Page

The AI Strategy on a Page is a concise leadership artefact. It should be short enough to discuss in one
meeting and clear enough for department leaders to use when making decisions.

It has ten elements.

1. Strategic intent

Write one plain-English statement explaining why AI matters to the business.

A weak statement says: “We will leverage AI to transform the organisation.”

A stronger statement says: “We will use AI to improve service responsiveness, reduce avoidable manual
work, strengthen decision support, and build the organisational capability to adopt AI safely as customer
expectations and competition change.”

The second version is not dramatic. It is usable.

2. Priority business outcomes

Name the outcomes AI should support over the next planning period. These might include faster response
times, improved forecast quality, reduced rework, better customer retention, shorter proposal cycles,
improved compliance monitoring, higher employee capacity, or faster product learning.

Avoid vague outcome labels such as “innovation” unless they are defined. Innovation in what? Faster
testing? Better customer insight? New product features? Reduced research cycle time? More successful
launches?

3. Focus domains

Identify the parts of the business where AI attention will be concentrated. This may include customer
service, sales enablement, finance insight, operations planning, legal knowledge management, product
research, internal productivity, or data foundations.

The point is not to exclude all other areas forever. The point is to prevent scattered effort.

4. Portfolio balance

State how the organisation will balance table-stakes adoption, process improvement, decision support, and
strategic differentiation. This helps leaders see whether the portfolio is too shallow, too risky, or too
fragmented.

For example: “In the next twelve months, we will prioritise low- and medium-risk internal productivity and
process-improvement use cases while running two controlled explorations in customer-facing AI. We will
not launch unsupervised customer advice in regulated areas.”

5. Differentiation thesis

Explain where AI could strengthen the company’s distinctive position. This is the heart of strategy.

A professional-services firm might say: “Our differentiation is trusted specialist judgement. AI will be used
to improve research, knowledge retrieval, drafting support, and quality review, while final advice remains
expert-led.”

A logistics business might say: “Our differentiation is reliable delivery under changing conditions. AI will be
used to improve demand sensing, route planning support, disruption alerts, and customer communication,
with human control over material operational decisions.”
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A retailer might say: “Our differentiation is customer relevance and service. AI will support better product
discovery, service knowledge, inventory insight, and targeted communications under clear privacy and
brand controls.”

The thesis should be specific to the business.

6. Guardrails and non-negotiables

List the boundaries that protect trust. These should connect to governance already discussed in earlier
chapters.

Examples include:

● No confidential, personal, or regulated data in unapproved tools.

● Human approval for material customer, employee, legal, financial, safety, or regulated decisions.

● AI-generated content must be reviewed before external use where brand, legal, or customer impact is
material.

● High-risk use cases require specialist review and documented approval.

● Tools must meet security, privacy, procurement, and data-use requirements before deployment.

● AI use must be recorded in the AI register where required.

These guardrails should be reviewed by appropriate legal, privacy, security, employment, regulatory, and
sector specialists or formal adoption. The point in this chapter is strategic clarity, not legal advice.

7. Capability-building priorities

Name the capabilities the organisation will build. This may include AI literacy for leaders, process redesign
skills, data stewardship, model and vendor oversight, risk assessment, product ownership, change
management, or measurement discipline.

Capability building should not be generic. Training everyone on AI basics may help awareness, but
strategy requires role-specific competence. A finance manager, service supervisor, HR adviser,
procurement lead, data owner, and board member do not need identical training.

8. Investment and funding logic

State how AI initiatives will receive funding. For example:

● Small discovery budgets for early exploration.

● Pilot funding only after use-case prioritisation and risk screening.

● Scaling funding only after evidence from the Pilot Canvas, AI ROI Stack, and Scaling Readiness Gate.

● Foundation funding for data, security, governance, and skills when they support multiple use cases.

This connects money to evidence.

9. Measures of progress

Define how leadership will know whether the AI strategy is working. Measures should include activity,
value, risk, adoption, capability, and learning.

Useful measures may include:

● Number of prioritised use cases by stage: discovery, pilot, scale, operate, paused, retired.

● Evidence of business value from pilots and scaled capabilities.
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● Adoption quality, not just tool usage.

● Risk issues, incidents, near misses, and remediation.

● Data-readiness improvements in priority domains.

● Employee skill and confidence in relevant roles.

● Vendor dependency and cost trends.

● Decisions made from evidence, including decisions to stop.

A strategy that never stops weak ideas is not learning.

10. Review cadence

AI strategy should not be written once and filed away. The technology, vendors, regulation, security risks,
costs, workforce expectations, and customer norms will continue to change. Leaders should define a
review cadence: perhaps quarterly for the portfolio and annually for strategic direction, with additional
review triggered by major incidents, regulatory changes, vendor changes, or competitive shifts.

The cadence should be frequent enough to learn, but not so frequent that the organisation constantly
changes direction.

An example AI Strategy on a Page

The following example is intentionally generic enough to adapt, but specific enough to show the level of
clarity required.

Strategic intent: We will use AI to improve customer responsiveness, reduce avoidable manual work,
strengthen management decision support, and build a governed capability for responsible adoption.

Priority outcomes: Faster service resolution; improved consistency of customer answers; reduced
manual reporting effort; better sales preparation; stronger visibility of operational risks; improved employee
confidence in AI-assisted workflows.

Focus domains: Customer service knowledge support; finance and management reporting; sales account
preparation; operational planning insight; data and knowledge foundations.

Portfolio balance: In the next twelve months, 60 percent of effort will focus on internal productivity and
process improvement, 25 percent on decision support, and 15 percent on controlled customer-facing
exploration. High-risk autonomous decisions are out of scope.

Differentiation thesis: Our advantage depends on trusted service and practical expertise. AI will support
employees with better information, faster preparation, and more consistent workflows, while accountable
humans remain responsible for material customer, employee, financial, legal, and operational decisions.

Guardrails: Only approved tools may be used with business data. Sensitive or regulated data requires
review. External content must be checked before release. High-risk use cases require governance
approval. AI outputs are decision support, not automatic authority, unless explicitly approved within a
controlled low-risk workflow.

Capability priorities: Role-specific AI literacy; process redesign; data ownership for priority knowledge
bases; vendor evaluation; risk assessment; measurement; manager coaching; AI product ownership.

Funding logic: Discovery funding supports selected opportunities. Pilot funding requires prioritisation and
risk screening. Scaling funding requires evidence from measurement and readiness gates. Foundation
investment is prioritised where it supports multiple use cases.
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Measures: Portfolio stage movement; business value evidence; adoption quality; incident and risk trends;
data-readiness improvements; employee confidence; vendor cost and dependency; number of stopped or
redesigned initiatives based on evidence.

Review cadence: Monthly operating review for active pilots and scaled capabilities; quarterly executive
portfolio review; annual strategy refresh; immediate review after material incidents, regulatory changes, or
major vendor changes.

This one-page strategy is not a substitute for detailed plans. It is the organising logic that detailed plans
should follow.

Common AI strategy mistakes

The first mistake is starting with technology architecture instead of business choices. Architecture
matters, but it should support strategy. If leaders begin with platforms before agreeing where AI should
create value, technology decisions may lock in the wrong priorities.

The second mistake is calling every experiment strategic. Some experiments are useful because they
teach. Some are simply local productivity improvements. Some should be stopped. Strategy requires
classification.

The third mistake is centralising everything so tightly that learning slows down. Strong governance
does not mean every small experiment needs a board-level decision. Low-risk exploration can be enabled
within clear rules.

The fourth mistake is decentralising everything so widely that risk and duplication grow. If every
department buys tools independently, the organisation may create security exposure, inconsistent controls,
duplicated spend, and fragmented learning.

The fifth mistake is ignoring foundations because they are less exciting. Data ownership, knowledge
management, identity access, integration, training, monitoring, and support are not glamorous. They are
often where strategy becomes real.

The sixth mistake is overpromising transformation before evidence exists. Leaders should
communicate ambition, but they should not promise guaranteed savings, instant productivity, or broad
automation without proof.

The seventh mistake is treating workforce impact as a communication problem after decisions are
made. AI strategy changes work. Employees and managers need to understand purpose, boundaries,
skills, and consequences early.

The eighth mistake is failing to define what the organisation will not do. Without boundaries, teams
either act recklessly or freeze because they are unsure what is allowed.

The ninth mistake is measuring only activity. Training sessions, licences, pilots, and tool usage are not
enough. Strategy must be measured by business impact, risk control, adoption quality, and learning.

The tenth mistake is letting strategy go stale. AI strategy must be stable enough to guide action and
flexible enough to adapt.

Leadership questions for AI strategy

Before approving or refreshing the AI strategy, leaders should ask:

● What business problem or strategic ambition is AI helping us address?

● Where does AI connect most directly to how we win, serve, operate, manage risk, or innovate?

● Which AI capabilities are table stakes, and which could differentiate us?
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● Which use cases are we prioritising, and why?

● Which use cases are out of scope for now?

● What risk appetite applies to customer-facing, employee-impacting, financial, legal, regulated, safety, or
operational decisions?

● What data and knowledge assets are most important to our AI strategy?

● What internal capabilities must we build rather than outsource completely?

● How will we avoid both uncontrolled shadow AI and excessive bureaucracy?

● What funding model supports discovery, pilots, scaling, and operation?

● How will we measure value, risk, adoption, capability, and learning?

● Who owns the AI portfolio?

● How often will leadership review progress and change direction when evidence requires it?

These questions are deliberately plain. The difficulty is not understanding them. The difficulty is answering
them honestly.

Reader exercise: create your AI Strategy on a Page

Use the following structure to draft a one-page strategy for your organisation or business unit.

1. Strategic intent

Complete this sentence:

“We will use AI to…”

Keep it grounded in business outcomes, not technology language.

2. Priority outcomes

List three to five outcomes AI should support in the next twelve months:

● Outcome 1:

● Outcome 2:

● Outcome 3:

● Outcome 4:

● Outcome 5:

3. Focus domains

Where will you concentrate effort?

● Function, process, customer journey, product area, or decision domain:

● Why this area matters:

● Current pain point or opportunity:

4. Portfolio balance

Estimate your intended balance across:



The AI Pivot — reader PDF 231

| Portfolio category | Current emphasis | Desired emphasis | Notes | |---|---:|---:|---| | Productivity and
enablement | | | | | Process improvement | | | | | Decision support | | | | | Customer/product innovation | | | | |
Foundations: data, governance, security, skills | | | |

5. Differentiation thesis

Complete this sentence:

“Our business wins because of ________. AI should strengthen this by ________.”

6. Guardrails

List five non-negotiables:

● We will not use AI to:

● Human approval is required when:

● Data that requires special handling:

● Tools that require approval:

● Use cases that require specialist review:

7. Capabilities to build

Name the internal capabilities you need most:

● Capability:

● Current gap:

● Owner:

● Next action:

8. Funding logic

Define how initiatives move from idea to investment:

● Discovery funding requires:

● Pilot funding requires:

● Scaling funding requires:

● Operating funding requires:

9. Measures

Choose measures for:

● Business value:

● Risk and incidents:

● Adoption quality:

● Capability building:

● Data readiness:

● Learning and decisions stopped:
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10. Review cadence

Decide who reviews the strategy, how often, and what evidence they will see.

If the completed page is too vague, do not add more words. Make sharper choices.

Summary

AI strategy is the bridge between experiments and competitive advantage. It turns pilots, tools, use cases,
governance, data work, and workforce change into a coherent set of business choices.

A strong AI strategy answers where AI matters most, where the business will differentiate, which
capabilities are merely table stakes, what the organisation will not do, what internal capability it must build,
how it will fund progress, how it will measure value and risk, and how often it will adapt.

The AI Strategy on a Page gives leaders a practical way to make those choices visible. It does not replace
detailed roadmaps, governance processes, technical architecture, legal review, or financial planning. It
gives them direction.

The central message is simple: AI advantage rarely comes from tools alone. It comes from combining tools
with business focus, data discipline, redesigned work, human judgement, governance, measurement, and
organisational learning.

Part V has begun with strategy because the AI-ready business is not defined by how many experiments it
runs. It is defined by the quality of the choices it makes and the discipline with which it learns. The next
chapter turns to the people responsible for those choices: leadership in the AI era.
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Chapter 26 — Leadership in the AI Era
The board agenda says “AI update.” The slides are polished. There is a list of pilots, a summary of tool
usage, a short note on security controls, a vendor roadmap, and a few encouraging comments from
department heads. The chief executive listens carefully. The finance director asks about cost. The
operations leader asks about integration. The HR leader asks about training. The legal adviser asks
whether the policies have been reviewed. Everyone agrees that progress is being
made.[9][10][11][12][1][3]

Then the chair asks the question that changes the meeting: “What do we need from leadership now?”

Not from IT. Not from a vendor. Not from a small group of enthusiasts. From leadership.[1][3][9][11]

This is where many AI programmes become exposed. They have activity, but not enough ownership. They
have experiments, but not enough decision discipline. They have policies, but not enough behavioural
reinforcement. They have budget, but not enough strategic clarity. They have training, but not enough
managerial follow-through. They have risk concerns, but not enough agreed risk appetite. They have
ambition, but not enough operating rhythm.[21][22][23][14][15]

AI is often presented as a technology shift. It is also a leadership test.

Leaders do not need to become machine-learning engineers. They do not need to understand every model
architecture, every vendor feature, or every technical acronym. But they do need enough AI literacy to ask
better questions, make better trade-offs, set boundaries, allocate resources, create confidence, and hold
the organisation accountable for responsible progress.[13][14][1][3][9][11]

The leadership challenge is not to predict the future perfectly. It is to build a business that can make good
decisions while the future is still moving.

This chapter explains what leadership looks like in the AI era. The tool is a Leadership Question Set: a
practical set of questions leaders can use in strategy reviews, board meetings, investment discussions,
pilot approvals, risk reviews, and management conversations. The purpose is not to make leadership more
complicated. It is to make leadership more explicit.[13][14]

The leadership problem AI exposes

AI exposes a familiar weakness in many organisations: unclear ownership of change that crosses
functions.[21][22][23]
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Leadership Question Set
AI-era leaders need literacy, direction, guardrails, communication, measurement, accoun…

and the humility to keep learning.

Direction

Evidence required

Guardrails

Evidence required

Capabilities

Evidence required

Risks

Evidence required

Metrics

Evidence required

Communication

Evidence required

Accountability

Evidence required

Learning

Evidence required

Figure 26.1

A finance transformation has an obvious finance owner. A customer-service improvement has a service
owner. A cyber-security programme has a security owner. But AI cuts across documents, decisions,
customer interactions, operations, employment practices, knowledge management, software, data,
procurement, risk, and strategy. It is everywhere enough to matter, but often nowhere enough to be owned
properly.[9][10][11][12][14][15]

That is why AI can fall into one of three weak leadership patterns.

The first pattern is delegation without direction. Senior leaders tell IT, digital, or data teams to “do
something with AI” without defining the business outcomes, risk appetite, priorities, or funding model.
Technical teams then become responsible for choices that are actually commercial and organisational.

The second pattern is enthusiasm without control. Leaders encourage experimentation but do not
establish enough guardrails, review, measurement, or accountability. Teams move fast, but the
organisation accumulates duplication, hidden risk, vendor sprawl, and unclear value.[1][3][4][9][11][13]

The third pattern is caution without learning. Leaders are so concerned about risk that they delay almost
everything. This may feel safe, but it can create shadow AI, employee frustration, and a widening learning
gap. Risk is not removed by silence; it is often pushed underground.[13][14][15]

Effective AI leadership avoids all three. It gives direction without pretending everything can be centrally
controlled. It enables experimentation without abandoning governance. It respects risk without using risk as
a reason to stop learning.[1][3][4][13][14]

Leaders need literacy, not technical vanity

A non-technical leader can lead AI well. The requirement is not technical mastery. The requirement is
decision literacy.

AI literacy for leaders means understanding enough to distinguish sensible claims from vague promises. It
means knowing that a large language model can produce useful drafts and also plausible errors. It means
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understanding that a chatbot connected to reliable business knowledge is different from a generic public
tool. It means knowing that automation is not the same as augmentation. It means recognising that data
quality, process design, user adoption, governance, security, and measurement determine whether AI
becomes useful.[9][10][11][12][1][3]

It also means being able to say, calmly, “I do not need the technical detail yet. I need to understand the
decision.”

The most useful leadership questions are often plain:

● What business outcome are we trying to improve?

● Who owns the process this will change?

● What data will the system use?

● What could go wrong for customers, employees, operations, compliance, or reputation?

● Where does human judgement remain responsible?

● What evidence would persuade us to scale, pause, or stop?

● How will we know whether value has actually been created?[14][15]

These questions do not require coding knowledge. They require management discipline.[15][16]

Technical vanity is different. It appears when leaders learn enough vocabulary to sound sophisticated but
not enough to improve decisions. They talk about models, agents, embeddings, fine-tuning, and platforms
before clarifying purpose, risk, workflow, and accountability. This can be worse than ignorance because it
gives the appearance of competence while avoiding the hard business questions.[1][3][4][19][2][17]

Good AI leadership is not measured by how technical the leader sounds. It is measured by whether the
organisation makes better choices.

The new leadership responsibilities

AI does not remove traditional leadership responsibilities. It intensifies them. Strategy, culture, risk,
investment, performance, accountability, and communication all still matter. AI simply changes the terrain
on which they operate.[1][3][4][13][14]

1. Set the direction

Leaders must explain why AI matters to the business in plain language. Not why AI matters in the abstract.
Not why the technology is impressive. Why it matters here.

A useful direction statement might say:

“We will use AI to improve service responsiveness, reduce avoidable manual work, strengthen decision
support, and build the capability to adopt AI safely.”[13][14]

That is not a slogan. It is a basis for decisions.

Without direction, AI work becomes tool-led. Departments choose whatever looks useful locally. Vendors
shape the agenda. Enthusiasts chase novelty. Risk teams are forced to react. The result may be activity,
but not strategy.

2. Define risk appetite

AI risk cannot be managed only through case-by-case anxiety. Leaders must define what kinds of risk the
organisation is prepared to take, what requires review, and what is not acceptable.
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Risk appetite should differ by use case. An internal writing assistant for low-risk draft material is not the
same as an AI system making recommendations about credit, hiring, medical care, legal advice, safety,
regulated decisions, or customer eligibility. A tool used on public information is not the same as a tool using
confidential, personal, sensitive, or regulated data.[9][10][11][12]

Leaders should not try to write legal rules themselves. Specialist review matters. But leaders must set the
tone: what level of uncertainty is acceptable, where human approval is required, what must be
documented, and when the organisation will choose not to proceed.[1][3][4]

3. Assign ownership

Every serious AI initiative needs an accountable business owner. IT may provide infrastructure. Data
teams may support data quality. Security may assess risk. Legal may review obligations. HR may support
workforce change. Procurement may manage vendors. But the business process must have an owner.

If AI changes customer service, a service leader must own the outcome. If it changes finance reporting,
finance must own the control environment. If it changes sales preparation, sales leadership must own
standards and adoption. If it changes employment workflows, HR and relevant executives must own impact
and governance.

When ownership is vague, AI becomes everyone’s interest and no one’s responsibility.

4. Protect trust

AI adoption changes trust relationships. Customers want reliable answers. Employees want clarity about
how AI affects their work. Regulators and partners expect responsible data use. Boards expect oversight.
Managers need confidence that outputs can be reviewed. The public may judge mistakes harshly,
especially when AI is used in sensitive contexts.

Trust is not protected by a policy alone. It is protected by visible leadership behaviour: clear boundaries,
honest communication, human oversight, incident response, willingness to pause unsafe uses, and refusal
to overstate what AI can do.

A leader who says “AI will solve this” too quickly weakens trust. A leader who says “AI may help, but we will
test it carefully, measure it honestly, and keep accountable people in control” builds trust.

5. Fund learning, not theatre

AI creates a temptation to fund visible theatre: impressive demonstrations, broad tool rollouts, innovation
events, and public announcements. These may have a place, but they do not substitute for learning.

Leaders should fund the work that creates reusable capability: data readiness, process redesign,
governance, training, integration, measurement, monitoring, and product ownership. These investments
are less glamorous than a demo, but they are often the difference between a pilot and an operating
capability.

Funding should also create permission to stop weak ideas. If every pilot must be declared a success to
justify the budget, the organisation will learn less. A disciplined decision to stop an AI initiative because the
evidence is weak, the risk is too high, or the process is not ready is not failure. It is good governance.

6. Shape culture and incentives

Employees watch what leaders reward. If leaders reward speed without review, people will cut corners. If
leaders reward cost savings without quality, teams may automate badly. If leaders punish every error,
people may hide problems. If leaders talk about innovation but approve only safe theatre, experimentation
will become shallow.
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An AI-ready culture needs curiosity, challenge, evidence, transparency, and accountability. People should
be encouraged to explore approved uses, report problems, share lessons, and question outputs. Managers
should be expected to redesign work, not simply tell employees to “use AI more.”

Culture is not built by a single communication. It is built by repeated leadership choices.

The Leadership Question Set

The Leadership Question Set is designed for practical use. It can be used by a chief executive, board,
executive team, functional leader, transformation lead, or manager responsible for an AI-enabled change.

It is organised into eight areas.

1. Strategy and purpose
● What business outcome is this AI work intended to improve?

● How does it connect to our AI strategy on a page?

● Is this table stakes, performance improvement, strategic differentiation, or exploration?

● Why is AI the right approach, rather than simpler process improvement or existing automation?

● What would happen if we did not do this now?

The discipline here is to avoid AI for its own sake. If the use case cannot be explained in business terms, it
is not ready for investment.

2. Customer, employee, and stakeholder impact
● Who will be affected by this AI-enabled change?

● Will customers know AI is involved, and should they?

● How could this improve or damage customer trust?

● How will employees’ tasks, judgement, workload, or accountability change?

● What concerns are likely to arise, and how will we address them honestly?

AI adoption is not only a workflow change. It is a stakeholder change. Leaders should understand who
experiences the consequences.

3. Data and knowledge
● What data, documents, or knowledge sources will the system use?

● Who owns them?

● Are they accurate, current, complete enough, and lawful to use?

● Are there personal, confidential, sensitive, regulated, or contractual restrictions?

● What happens when the data is wrong, incomplete, outdated, or biased?

This question set prevents a common mistake: assuming the AI system is the main issue when the real
issue is the quality and permission status of the underlying information.

4. Workflow and accountability
● Which process will change?
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● What steps will AI support, automate, or influence?

● Where does human judgement remain required?

● Who approves outputs before they affect customers, employees, finances, legal positions, operations, or
safety?

● Who is accountable when the system is wrong?

If no one can explain the future workflow, the AI initiative is not ready to scale.

5. Risk, governance, and compliance
● What are the main risks: accuracy, privacy, security, bias, legal, regulatory, operational, reputational,

workforce, vendor, or customer harm?

● What risk tier does this use case fall into?

● What approvals or specialist reviews are required?

● What must be recorded in the AI register?

● What incidents or near misses would trigger escalation?

This chapter does not provide legal advice. Legal, privacy, employment, sector, and regulatory obligations
must be checked with appropriate specialists. The leadership responsibility is to make sure those reviews
happen before high-risk decisions are made.

6. Vendor, technology, and dependency
● Are we building, buying, or partnering, and why?

● What does the vendor do with our data?

● Can the tool integrate into our workflow and systems?

● What are the switching costs and exit options?

● What capability do we need internally so we are not dependent on the vendor for every important
decision?

A vendor can supply technology. It cannot supply the organisation’s judgement.

7. Measurement and evidence
● What would count as success?

● What baseline are we comparing against?

● How will we measure value, quality, speed, risk, adoption, and learning?

● What costs are included beyond licences?

● What evidence would make us scale, redesign, pause, or stop?

The last question is especially important. If leaders cannot define stop conditions, they are not running a
disciplined pilot. They are running a hopeful experiment.

8. Leadership and operating rhythm
● Who is the executive sponsor?
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● Who owns the business process?

● Who reviews progress, risk, value, and adoption?

● How often does the leadership team review the AI portfolio?

● How are lessons shared across departments?

● Are we creating the conditions for responsible learning, or merely asking for activity?

AI leadership is not a one-off approval. It is an operating rhythm.

What boards should ask

Boards do not need to manage AI projects, but they do need to oversee whether management is
approaching AI with adequate strategy, control, and learning discipline. The board’s role is not to be
impressed by demonstrations. It is to test whether the organisation is making responsible progress.

Useful board-level questions include:

● Does management have a clear AI strategy connected to business strategy?

● Who owns AI at executive level, and how are responsibilities divided across functions?

● What are the most material AI opportunities for the business?

● What are the most material AI risks?

● How is management controlling shadow AI and unapproved tool use?

● What governance exists for high-risk use cases?

● What is the organisation’s risk appetite for customer-facing, employee-impacting, regulated, legal,
financial, or safety-relevant AI?

● What evidence exists from pilots and scaled initiatives?

● What investment is being made in data, security, skills, process redesign, and governance?

● What incidents, near misses, or concerns have been reported?

● Which AI initiatives have been stopped, and what did the organisation learn?

The board should be alert to two extremes: complacency and recklessness. Complacency appears as
vague reassurance, slow learning, and lack of ownership. Recklessness appears as broad claims, weak
controls, overreliance on vendors, and pressure to scale before evidence exists.

Good oversight encourages confident discipline.

What middle managers need from leaders

AI adoption often succeeds or fails through middle managers. They translate strategy into day-to-day work.
They answer employee questions. They decide whether outputs are reviewed. They notice whether a tool
is actually helping or merely adding another step. They shape whether people use AI responsibly or quietly
avoid it.

Yet many organisations under-support managers. They give them access to tools and a few training
sessions, then expect adoption to happen.

Managers need clearer support:

● What AI uses are allowed, controlled, restricted, or prohibited?
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● Which workflows are changing?

● What should managers measure?

● How should quality be checked?

● What should employees do when AI output is wrong?

● How should concerns be escalated?

● How should managers talk about job impact honestly without making promises they cannot guarantee?

● What time is available for experimentation, training, and redesign?

If leaders want AI adoption to be responsible, they must give managers the time, authority, guidance, and
incentives to lead it properly.

Communication: honest, practical, and repeated

AI communication should avoid both cheerleading and doom. Employees do not need to be told that
everything will be transformed. They also do not need vague reassurance that nothing will change. Both
messages damage credibility.

A better message is more practical:

“AI will change some tasks and workflows. We will use it where it improves business outcomes and can be
governed responsibly. We will not treat AI output as automatically reliable. We will train people for relevant
uses. We will involve teams in redesigning work. We will be clear about boundaries. We will review impact
as we learn.”

This kind of message is less dramatic, but more trustworthy.

Communication also needs repetition. A single launch announcement will not answer the questions that
arise once people begin using AI in real work. Leaders should expect ongoing questions about quality,
accountability, workload, monitoring, skills, job design, and fairness. These questions should be treated as
part of adoption, not resistance to adoption.

Common leadership mistakes

The first mistake is delegating AI entirely to IT. IT is essential, but AI changes business processes,
decisions, risk, customers, and people. Business leaders must own business outcomes.

The second mistake is approving tools before clarifying use cases. Tool access can be useful, but
adoption without purpose often creates noise, not value.

The third mistake is confusing training attendance with capability. People may attend an AI session
and still be unsure how to use AI safely in their role. Capability is shown in changed workflows, better
judgement, and responsible practice.

The fourth mistake is focusing only on productivity. Productivity matters, but AI can also affect quality,
risk, customer trust, decision speed, innovation, employee confidence, and organisational learning.

The fifth mistake is ignoring employee anxiety. If leaders do not address workforce concerns honestly,
employees will fill the silence with speculation.

The sixth mistake is setting vague guardrails. “Use AI responsibly” is not enough. People need
examples, boundaries, escalation routes, and review expectations.

The seventh mistake is overcentralising every decision. If every low-risk use requires senior approval,
learning slows and shadow AI may increase. Governance should be proportionate.
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The eighth mistake is undervaluing process owners. AI embedded in a workflow needs the people who
understand that workflow. Without them, pilots may look impressive but fail in practice.

The ninth mistake is rewarding only success stories. If leaders only want positive updates, teams will
hide weak evidence. Responsible AI adoption depends on learning from what does not work.

The tenth mistake is speaking with false certainty. AI capability, regulation, vendor offerings, costs, and
social expectations will continue to change. Leaders should communicate confidence in the process, not
certainty about every outcome.

Reader exercise: use the Leadership Question Set

Choose one AI initiative in your organisation. It may be a pilot, a proposed tool, a department experiment,
or a scaled workflow. Work through the questions below with the responsible team.

1. Purpose
● What business outcome are we trying to improve?

● Why does this matter now?

● Is AI necessary, or is the real need process improvement?

2. Ownership
● Who is the executive sponsor?

● Who owns the business process?

● Who owns data quality, risk review, user adoption, and measurement?

3. Impact
● Who will be affected?

● What changes for customers, employees, managers, or partners?

● What concerns should we expect?

4. Risk and guardrails
● What could go wrong?

● What data is involved?

● What requires human review?

● What specialist review is needed?

● What is not allowed?

5. Evidence
● What baseline will we compare against?

● What success measures matter?

● What would cause us to redesign, pause, or stop?

6. Leadership rhythm
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● How often will progress be reviewed?

● What will be reported: value, risk, adoption, incidents, learning, cost?

● How will lessons be shared across the organisation?

If the team cannot answer these questions, the initiative may not be wrong. It may simply be immature. The
next step is not to abandon it automatically. The next step is to clarify the decision, strengthen ownership,
and reduce avoidable risk.

Summary

Leadership in the AI era is not about becoming technical for the sake of it. It is about leading a business
through uncertainty with clarity, discipline, and responsibility.

Leaders must set direction, define risk appetite, assign ownership, protect trust, fund learning, shape
culture, support managers, and communicate honestly. They must ask questions that connect AI to
business outcomes, data, workflow, human judgement, risk, vendor dependency, measurement, and
organisational learning.

The Leadership Question Set gives leaders a practical way to do this. It helps prevent AI from becoming
either a technology hobby or an unmanaged risk. It turns leadership attention toward the decisions that
matter.

The central message is simple: AI does not reduce the need for leadership. It increases it. The
organisations that benefit most will not be those whose leaders know every technical detail. They will be
those whose leaders create the conditions for responsible, evidence-based adoption.

The next chapter turns this leadership discipline into a practical time-based plan: what to do in the next 30,
90, and 365 days.[1][3][14]
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Chapter 27 — The Next 365 Days: A Practical
Roadmap
The executive team has agreed that AI matters. The board has asked for progress. Employees are already
experimenting. Vendors are knocking on the door. A few managers have sensible ideas. The technology
team is asking for priorities. Legal and security want clearer boundaries. Finance wants to know what this
will cost. HR wants to know what to tell people.[9][10][11][12][14][15]

The chief executive looks around the room and says, “So what do we actually do next?”

That question is healthier than it sounds. It means the organisation has moved beyond vague interest. It is
no longer asking whether AI exists, whether the headlines are loud, or whether competitors are
experimenting. It is asking for a sequence.

Most businesses do not need a five-year AI master plan before they begin. They need a disciplined first
year. They need enough structure to avoid chaos, enough urgency to build learning, and enough humility
to adjust as evidence arrives. The next 365 days should not be a race to automate everything. It should be
a controlled movement from awareness, to readiness, to governed pilots, to selective scaling.[13][14]

This chapter gives leaders a practical 30/90/365-Day Roadmap. It is not a universal prescription. A
regulated bank, a manufacturer, a professional-services firm, a retailer, a healthcare provider, and a small
family business will all move differently. But the management logic is consistent: clarify direction, set
guardrails, find use cases, prepare foundations, test safely, measure honestly, and scale only what
deserves to become part of the operating model.

The goal of the first year is not to declare that the business has “done AI.” The goal is to become a
business that can make better AI decisions.

Why a one-year roadmap matters

AI creates pressure because it appears everywhere at once. It shows up in office tools, customer-service
platforms, analytics systems, marketing software, finance tools, human-resources applications, search
products, cybersecurity systems, and specialist industry platforms. It is embedded in vendor roadmaps and
employee habits. That makes it easy for leaders to feel that the organisation is either moving too slowly or
losing control.[1][3][4][14][15][9]
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30 / 90 / 180 / 365-Day AI Roadmap
The first year should move from clarity and guardrails, to prioritised pilots, to evide…

selective scaling and portfolio discipline.

30 days
Clarity

90 days
Priorities

180 days
Pilots

365 days
Scale

Figure 27.1

A roadmap helps because it turns pressure into sequence.

Without a roadmap, AI work often fragments into disconnected activity. One department buys a tool.
Another runs a trial. An employee uploads confidential information to an unauthorised service. A vendor
demonstrates a polished prototype. A senior leader asks for a strategy paper. Security blocks a tool. A
manager asks for training. Nobody is necessarily acting irresponsibly, but the organisation is learning in
pieces.[9][10][11][12][13][14]

A roadmap does not remove uncertainty. It gives uncertainty a management structure.

The roadmap should answer six practical questions:

● 1. What are we trying to improve?

● 2. What uses are allowed, controlled, restricted, or prohibited?

● 3. Which business problems are worth exploring first?

● 4. What foundations must be strengthened before pilots or scale?

● 5. What evidence will guide investment decisions?

● 6. How will we build the capability to keep learning?[13][14]

The answer to those questions should become visible in meetings, budgets, governance, training, and
operating reviews. If the roadmap remains a document that is admired once and ignored, it has not done its
job.[1][3][4][14][15]

The shape of the first year

A practical first year has four phases.
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The first phase is orientation. Leaders establish sponsorship, acceptable-use rules, a basic risk position,
and a shared understanding of what AI means for the business. This is not a long academic exercise. It is
the work needed to stop confusion and unsafe experimentation.

The second phase is discovery. The organisation identifies candidate use cases, assesses readiness,
maps risks, and decides where pilots might produce useful evidence. This phase should be business-led
and cross-functional.

The third phase is controlled piloting. Selected use cases are tested with clear scope, data boundaries,
human oversight, success criteria, user involvement, and decision gates. The purpose is not to prove that
AI is impressive. It is to decide whether a specific AI-enabled workflow should stop, change, continue, or
scale.[1][3][4]

The fourth phase is selective scaling and portfolio building. Successful pilots are integrated into real
workflows, funded properly, monitored, governed, and supported. Weak ideas are retired. Lessons become
reusable capability.[13][14]

Those phases overlap in practice. A business may continue discovering use cases while piloting one or
two. It may update policy after a pilot exposes a gap. It may scale a narrow workflow before the whole
organisation is mature. That is acceptable. The roadmap is a guide to order, not a rigid
project-management ceremony.[1][3][4]

First 30 days: create clarity and guardrails

The first 30 days should reduce confusion. The business does not need to solve every AI question in a
month. It does need to establish who is leading, what is allowed, what is risky, and how opportunities will
be assessed.[1][3]

1. Appoint an executive sponsor

AI needs visible executive sponsorship. This does not mean the chief executive must chair every meeting
or that the chief technology officer must own every decision. It means the organisation knows who is
accountable for turning AI pressure into a governed business programme.

The sponsor’s role is to connect AI work to strategy, convene the right functions, resolve trade-offs, secure
resources, and report progress. They should not act alone. A sensible sponsor builds a small
cross-functional steering group including business owners, technology, data, security, legal or compliance,
HR, finance, and procurement where relevant.[9][10][11][12][14][15]

The first mistake is appointing a sponsor in name only. If the sponsor has no time, authority, budget
influence, or access to the executive team, the programme will drift. The second mistake is making AI
solely an IT project. Technology matters, but the sponsor must be able to make business decisions about
value, risk, people, and operating model.

2. Issue interim acceptable-use rules

Many organisations wait too long to set basic rules because they want a perfect policy. That delay is risky.
Employees may already be using public AI tools to draft documents, summarise material, write code,
analyse spreadsheets, prepare presentations, or answer customer questions. Some uses may be
harmless. Others may involve confidential, personal, regulated, privileged, or commercially sensitive
information.[9][10][11][12][1][3]

The first 30 days should produce interim acceptable-use rules. These can later mature into a fuller policy,
but they should immediately answer practical questions:[1][3][4]

● Which AI tools are approved for business use?
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● What types of data must not be entered into unapproved tools?

● Which uses require manager, legal, security, or compliance review?

● Where is human review mandatory?

● Are AI-generated outputs allowed in customer-facing material, contracts, HR decisions, financial
reporting, or regulated processes?

● How should employees report mistakes, concerns, or unsafe use?[9][10][11][12][1][3]

The language should be plain enough for employees to understand. A policy that only lawyers and
technologists can interpret will not control real behaviour.[1][3][4][14][15]

For legal, privacy, employment, and regulatory statements, the business should obtain specialist review.
The roadmap can set the management direction, but jurisdiction-specific legal conclusions should not be
guessed.[6][7][8][14][15]

3. Build an initial AI use and risk inventory

Before choosing future use cases, leaders need to know what is already happening. The first inventory
does not have to be perfect. It should capture known AI tools, unofficial practices, vendor features,
experiments, and proposed initiatives.[1][3][9][11]

For each item, record:

● Tool or system name.

● Business function using or considering it.

● Purpose.

● Data involved.

● Users affected.

● Customers or external parties affected.

● Vendor or internal owner.

● Risk level.

● Current controls.

● Decision needed.[1][3][4][9][11]

This inventory often reveals surprises. A marketing team may be using AI for campaign copy. A sales team
may be using it to prepare customer emails. An analyst may be summarising sensitive documents. A
software team may be using coding assistance. A customer-service vendor may already include AI
features in a platform update. The point is not to punish curiosity. The point is to make hidden activity
manageable.[15][16][1][3][9][11]

4. Run a leadership-readiness assessment

The business should quickly assess its readiness across leadership clarity, data, process, technology,
skills, governance, security, budget, and measurement. A simple score from 1 to 5 in each area is enough
to start.

The value is not the score itself. The value is the conversation the score creates. If leadership clarity is high
but data quality is weak, the roadmap must include data work. If enthusiasm is high but governance is
immature, the roadmap must strengthen controls. If technology capability is strong but business ownership
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is weak, use-case selection will suffer.

The first 30 days should end with a clear message: we are not banning useful AI, and we are not adopting
it recklessly. We are creating a disciplined path.[1][3]

Days 31 to 90: choose priorities and design pilots

The next 60 days should move from general readiness to specific decisions. This is where the organisation
turns interest into a shortlist of use cases and then into pilot designs.[1][3]

1. Build the opportunity inventory

The best use cases usually come from business pain, not from technology demonstrations. Leaders should
ask each function to identify delays, repeated work, error points, decision bottlenecks, customer friction,
knowledge gaps, compliance burdens, reporting effort, and operational uncertainty.

A practical opportunity entry should include:

● Current problem.

● Current process.

● People affected.

● Data or knowledge required.

● Proposed AI-assisted workflow.

● Expected benefit.

● Main risks.

● Process owner.

● Readiness blockers.

● Possible measure of success.

The inventory should include both modest and ambitious ideas. Modest ideas might include internal
knowledge retrieval, meeting-summary support, document triage, sales-call preparation, finance
commentary drafting, or customer-service agent assistance. More ambitious ideas might include
forecasting, dynamic scheduling, supplier-risk monitoring, product personalisation, claims support, or
AI-enabled product features.

The leadership discipline is to avoid confusing possibility with priority. A long list of ideas is not progress
unless the business can choose.

2. Prioritise with value, feasibility, and risk

The organisation should rank use cases using a simple matrix. Score each candidate on business value,
feasibility, data readiness, time to impact, strategic importance, customer impact, workforce impact, and
risk. Reverse-score risk so that high-risk ideas do not rise simply because they are exciting.

The aim is not mathematical precision. The aim is structured judgement.

Good first pilots usually have clear business ownership, manageable data, visible pain, limited downside,
measurable outcomes, and users willing to participate. They are important enough to matter but narrow
enough to control.

Poor first pilots often have unclear ownership, sensitive data, high reputational exposure, weak process
discipline, vague benefits, complex integration, or legal uncertainty. Those ideas may not be permanently
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bad. They may simply be bad first moves.

3. Select two or three pilot candidates

A business does not need ten pilots at once. Too many pilots dilute support, governance, measurement,
and learning. For many organisations, two or three well-designed pilots are better than a broad wave of
shallow experimentation.

A balanced first pilot portfolio might include:

● One productivity or knowledge-work pilot, such as internal document search or management-report
drafting.

● One customer or operational pilot, such as service-agent assistance or ticket triage.

● One capability-building pilot, such as role-specific AI training combined with controlled use in a
department.

In a high-risk or highly regulated environment, the first pilots may need to be internal and low-risk. In a
smaller business with fewer formal systems, the first pilots may focus on administration, customer
communication support, marketing workflow, or finance reporting assistance. The principle is the same:
start where the business can learn safely.

4. Design each pilot with a canvas

Every pilot should have a written canvas before work begins. The canvas should define the business
objective, sponsor, process owner, use case, scope, out-of-scope areas, data required, tool or vendor,
users, success criteria, risks, mitigations, human oversight, timeline, budget, and decision gate.

The most important field is the decision gate. At the end of the pilot, what decision will leadership make?

● Stop because the evidence is weak or the risk is too high.

● Redesign because the idea has potential but the process, data, or controls are not ready.

● Continue testing because the evidence is promising but incomplete.

● Scale because value, adoption, controls, economics, and ownership are strong enough.

A pilot without a decision gate becomes a hobby. A pilot with a decision gate becomes management
evidence.

5. Train the pilot teams

Training should be role-specific. A finance team needs different guidance from a marketing team. A
customer-service team needs different guidance from HR. Managers need to know how to review
AI-assisted work, set expectations, and respond when employees find errors. Users need to know what the
tool can do, what it cannot do, what data may be used, when to escalate, and how success will be
measured.

The training should include examples of failure. Show users plausible but wrong outputs. Show them
where confidential data must not go. Show them how to challenge results. Show them how to document
human review. AI confidence grows when people understand the limits as well as the benefits.

By day 90, the business should have a governed pilot portfolio ready to run, not just a collection of ideas.

Days 91 to 180: run pilots and capture evidence
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The next phase is execution. This is where many organisations either become disciplined or slide back into
enthusiasm.

A good pilot should be boring in the right ways. It should have a cadence, owners, metrics, user feedback,
risk review, and issue log. It should not depend on heroic effort or informal enthusiasm.

1. Measure before and after

Before deploying the AI-assisted workflow, capture the baseline. How long does the process take now?
What errors occur? How often is work re-done? What does quality look like? What do customers or
employees experience? What does the process cost? What risks already exist?

Without a baseline, the pilot will rely on impressions. People may feel faster without producing better
outcomes. They may produce more output with lower quality. They may save time but spend it correcting
errors. They may improve one team’s efficiency while creating downstream work elsewhere.

Measurement should include productivity, quality, speed, customer or employee experience, risk, adoption,
and learning. Financial value matters, but early pilots also teach the organisation what it takes to adopt AI
safely.

2. Watch real workflow behaviour

Pilots should be tested in real workflows, not only controlled demonstrations. Demos usually show the tool
at its best. Workflows show whether it survives ordinary mess: incomplete data, unclear instructions, busy
users, exceptions, competing priorities, and handoffs between teams.

Leaders should ask:

● Are users actually using the tool?

● Are they using it as intended?

● Where are they ignoring, correcting, or working around it?

● Does it reduce work or move work elsewhere?

● Are managers reviewing outputs properly?

● Are errors being reported or hidden?

● Are customers, employees, or partners affected in unexpected ways?

The answer may reveal that the tool is fine but the process is weak. Or that the process is ready but the
data is poor. Or that users need better training. Or that the use case is less valuable than expected. All of
that is useful evidence.

3. Keep risk review active

Risk review should not be a one-time approval at the beginning. During the pilot, the organisation should
monitor data use, security issues, output accuracy, bias concerns, customer impact, employee concerns,
vendor behaviour, and operational dependency.

For higher-risk pilots, legal, compliance, privacy, security, or sector specialists should review the design
and results. This chapter does not substitute for specialist advice. It gives leaders the management
structure for knowing when that advice is needed.

A healthy pilot culture makes it safe to raise concerns. If employees believe that reporting an AI problem
will be treated as resistance, the organisation will lose visibility. Leaders should explicitly say that finding a
flaw early is a contribution, not a failure.
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4. Make the decision at the gate

At the end of the pilot, the sponsor should convene the decision gate. The discussion should be
evidence-based:

● Did the pilot improve the intended business outcome?

● Was the improvement large enough to matter?

● What costs appeared beyond licences or tool fees?

● Were quality and risk acceptable?

● Did users adopt the workflow?

● What training, integration, governance, or support would scaling require?

● What would happen if the AI system failed, degraded, or was withdrawn?

● What did we learn that applies elsewhere?

The decision should be documented. If the pilot stops, record why. If it changes, record what must be fixed.
If it scales, record the conditions of scale.

The organisation should resist the urge to call every pilot a success. A stopped pilot can save money,
prevent harm, and sharpen judgement. The first year is as much about learning what not to do as learning
what to scale.

Days 181 to 365: scale selectively and build the portfolio

The second half of the year should convert evidence into operating capability. This is where the
organisation begins to separate AI theatre from AI maturity.

1. Scale only what is ready

Scaling is not giving more people access to the same tool. Scaling means the AI-assisted workflow has
owners, support, training, controls, measurement, funding, monitoring, and a place in the operating model.

Before scaling, leaders should confirm:

● The business value is clear.

● The process has been redesigned where necessary.

● Data and knowledge sources are reliable enough.

● Users understand how to work with the system.

● Human oversight is defined.

● Security, privacy, legal, and compliance issues have been reviewed where relevant.

● Vendor and integration dependencies are acceptable.

● Costs are understood beyond the pilot.

● Ongoing monitoring is in place.

● Someone owns continuous improvement.

If those conditions are weak, scaling may amplify problems. A flawed workflow at small scale is a lesson. A
flawed workflow at large scale is a business risk.



The AI Pivot — reader PDF 251

2. Build an AI portfolio

By the end of the first year, AI should not be managed as a random list of experiments. It should become a
portfolio. The portfolio should show:

● Ideas being explored.

● Pilots being tested.

● Workflows being scaled.

● Capabilities in operation.

● Initiatives paused or stopped.

● Risks under review.

● Benefits realised or expected.

● Owners and sponsors.

● Dependencies.

● Next decisions.

This portfolio gives leaders a real view of progress. It helps finance understand investment. It helps risk
teams focus attention. It helps HR plan training. It helps technology teams manage platforms and
integration. It helps the board ask better questions.

A portfolio also prevents over-concentration. If every AI initiative depends on one vendor, one technical
team, one data source, or one enthusiastic manager, the business has a fragility problem. Portfolio review
should include dependency risk as well as opportunity.

3. Mature governance without smothering adoption

Governance should mature as usage grows. The first 30 days may rely on interim acceptable-use rules. By
the end of the year, the business should have a more complete governance system: tool register, project
approval process, data-use rules, risk-tiering, human oversight standards, incident response, vendor
review, monitoring, and reporting cadence.[1][3]

The danger is turning governance into a maze. If every low-risk use requires the same approval as a
high-risk decision system, employees will avoid the process or innovation will slow unnecessarily. Good
governance distinguishes between low, medium, and high-risk uses. It makes safe things easy, controlled
things clear, and prohibited things explicit.

The governance question is not, “How do we approve everything centrally?” It is, “How do we help the
organisation make responsible decisions at the right level?”

4. Develop internal capability

The first year should leave the business more capable than it was at the beginning. That capability includes
more than technical skill.

It includes leaders who can ask better questions. Managers who can redesign workflows. Employees who
can use approved AI tools responsibly. Data owners who understand AI requirements. Procurement teams
that can challenge vendor claims. HR teams that can plan role-specific learning. Finance teams that can
measure value realistically. Risk teams that can distinguish material risk from generic fear.

The business may still rely on vendors and partners. That is normal. But it should not outsource all
learning. If every important AI decision depends on external interpretation, the organisation will struggle to
build strategic advantage.
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5. Update the strategy

At the end of the year, the leadership team should return to the AI Strategy on a Page. What has changed?
Which use cases produced evidence? Which assumptions were wrong? Which capabilities are now
stronger? Which risks need more attention? Which business priorities have shifted? Which vendor
dependencies have emerged? Which teams are ready for more ambitious work?

The first-year roadmap should end with a strategy refresh, not a victory lap.

AI capability, regulation, vendor offerings, customer expectations, workforce skills, and competitive
behaviour will continue to change. The business needs a rhythm for updating its view without restarting
from scratch every time the market moves.

The 30/90/365-Day Roadmap

Use the following roadmap as a practical management tool.

First 30 days: establish control and direction

Leadership

● Appoint an executive sponsor.

● Form a cross-functional AI steering group.

● Agree why AI matters to the business now.

Policy and risk

● Issue interim acceptable-use rules.

● Identify prohibited, restricted, controlled, and allowed uses.

● Create a simple process for questions and concerns.

Discovery

● Build an initial AI use and risk inventory.

● Identify shadow AI and vendor-enabled AI already in use.

● Run a high-level readiness assessment.

Communication

● Tell employees that the organisation supports responsible learning.

● Explain what must not be done with confidential, personal, regulated, or sensitive information.

● Invite use-case ideas through a structured channel.

Outputs by day 30

● Named sponsor.

● Interim acceptable-use rules.

● Initial inventory.

● Readiness snapshot.

● Communication to managers and employees.
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First 90 days: select pilots and prepare teams

Use cases

● Build a cross-functional opportunity inventory.

● Prioritise use cases by value, feasibility, data readiness, time to impact, strategic importance, and risk.

● Select two or three pilot candidates.

Pilot design

● Complete a Pilot Canvas for each selected use case.

● Define baseline measures and success criteria.

● Clarify human oversight and escalation.

● Confirm data boundaries and tool approvals.

People

● Train pilot teams.

● Brief managers on review responsibilities.

● Capture workforce concerns and adoption barriers.

Governance

● Establish a review cadence.

● Assign risk, data, security, legal, compliance, and procurement input where relevant.

● Create an issue log and decision-gate process.

Outputs by day 90

● Prioritised use-case list.

● Approved pilot designs.

● Trained pilot teams.

● Baseline measures.

● Governance cadence.

First 180 days: run pilots and learn

Execution

● Run pilots in real workflows.

● Monitor usage, quality, errors, cycle time, adoption, and risk.

● Collect user feedback and manager observations.

Measurement

● Compare pilot results with baseline.

● Separate productivity, quality, speed, customer or employee experience, risk, cost, and learning value.
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● Identify hidden costs and dependencies.

Risk and control

● Review incidents, near misses, data issues, and output failures.

● Adjust controls where needed.

● Confirm specialist review for sensitive or regulated uses.

Decisions

● Hold decision gates.

● Stop, redesign, continue, or scale each pilot based on evidence.

Outputs by day 180

● Pilot evidence packs.

● Decision-gate outcomes.

● Lessons learned.

● Updated risk register.

● Scale recommendations for selected workflows.

First 365 days: scale selectively and institutionalise learning

Scale

● Scale only pilots that meet readiness criteria.

● Integrate successful workflows into normal operations.

● Fund support, training, monitoring, and continuous improvement.

Portfolio

● Build an AI portfolio view across ideas, pilots, scaled workflows, operational capabilities, stopped
initiatives, and risks.

● Report value, risk, dependency, and learning to leadership or the board.

Governance

● Mature acceptable-use rules into a full governance system.

● Maintain a tool and model register.

● Define risk-tiered approval routes.

● Strengthen incident response and vendor review.

Capability

● Expand role-specific training.

● Build internal product ownership for AI-enabled workflows.

● Update data, process, security, and workforce plans.
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Strategy

● Refresh the AI Strategy on a Page.

● Decide next-year priorities.

● Identify which capabilities should become strategic differentiators.

Outputs by day 365

● Scaled workflows where justified.

● AI portfolio dashboard.

● Matured governance assets.

● Updated strategy.

● Next-year investment and capability plan.

Common roadmap mistakes

The first mistake is starting with tools instead of decisions. Tool access can be useful, but it is not a
roadmap. A roadmap defines the business outcomes, controls, owners, and evidence needed to make
progress.

The second mistake is running too many pilots. More pilots can mean less learning if the organisation
cannot support them properly. A smaller number of well-designed pilots usually teaches more than a broad
set of loosely managed trials.

The third mistake is treating policy as adoption. A policy may reduce risk, but it does not build capability
by itself. Employees need training, examples, approved tools, manager support, and safe routes for
questions.

The fourth mistake is ignoring the middle of the organisation. Senior leaders may set direction, but
managers turn AI into workflow change. If managers are unclear, anxious, or unsupported, adoption will be
uneven.

The fifth mistake is claiming value too early. Early productivity impressions need to be tested against
quality, rework, risk, customer impact, and real cost. A fast draft that requires extensive correction may not
be a productivity gain.

The sixth mistake is scaling because the pilot was popular. Popularity matters, but it is not enough. A
workflow should scale because it creates value, can be controlled, has ownership, and fits the operating
model.

The seventh mistake is forgetting to stop things. The roadmap should make it legitimate to retire weak
ideas. Stopping is a sign that the organisation is learning, not a sign that the AI programme has failed.

Leadership questions for the first year

Leaders should return to these questions at each review:

● What business outcomes are we trying to improve this year?

● Which AI uses are currently happening without enough visibility?

● What is allowed, controlled, restricted, or prohibited?

● Which use cases have the best balance of value, feasibility, and risk?
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● Who owns each pilot as a business outcome?

● What data is being used, and is it suitable?

● Where does human judgement remain accountable?

● What evidence would persuade us to scale?

● What evidence would persuade us to stop?

● What new risks, costs, or dependencies are emerging?

● Are employees learning safely, or are they experimenting in the dark?

● What capability will remain inside the business after vendors and consultants leave?

● How will this year’s learning shape next year’s strategy?

These questions are simple on purpose. AI adoption becomes unmanageable when leaders allow the
conversation to become either too abstract or too technical. The roadmap keeps the discussion attached to
decisions.

Reader exercise: build your first-year roadmap

Set aside two hours with the executive sponsor and the functions most affected by AI. Use the following
structure.

Step 1: Write the direction statement. In one paragraph, explain why AI matters to your business this
year. Avoid slogans. Name the outcomes you care about.

Step 2: List current AI activity. Identify tools, experiments, vendor features, and informal employee use
already present in the organisation.

Step 3: Define immediate boundaries. Write three lists: uses allowed now, uses requiring review, and
uses prohibited until further notice.

Step 4: Identify ten candidate use cases. Focus on pain points, delays, errors, customer friction,
repeated work, and decision bottlenecks.

Step 5: Choose two or three pilot candidates. Use value, feasibility, data readiness, ownership, and risk
as your criteria.

Step 6: Define pilot evidence. For each candidate, write what you would need to see after 90 days of
testing to scale, pause, redesign, or stop.[1][4]

Step 7: Name the first-year outputs. Decide what must exist by day 30, day 90, day 180, and day 365.

If the group cannot complete this exercise, that is useful evidence. It may mean the strategy is unclear,
ownership is weak, data readiness is low, or the organisation is trying to move too quickly. The roadmap
should expose those gaps before they become expensive.

Summary

A useful first year is not measured by the number of AI experiments launched. It is measured by the
organisation’s progress from clarity to controlled pilots, from pilots to evidence, and from evidence to
selective scale. The 30/90/180/365 rhythm gives leaders a practical way to build momentum without
surrendering judgement.

The bridge to future change
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A first-year roadmap gives the business a disciplined start. It does not remove the need to adapt.

AI capabilities will change. Costs may change. Regulation may change. Vendor offerings will change.
Customer expectations may change. Employees will learn. Competitors will learn. Some early assumptions
will prove wrong. Some opportunities will become more practical. Some risks will become clearer.

That is why the next step is not a fixed prediction of the future. It is scenario planning. Leaders need to
prepare for several plausible AI futures rather than betting the business on one forecast.

The first 365 days build the muscle. The next chapter examines how that muscle helps the business think
about what might change next.[1][3][14]
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Chapter 28 — Future Scenarios: What Might
Change Next
The leadership team has completed its first-year AI roadmap. A few pilots have produced useful evidence.
One workflow is being prepared for scale. The acceptable-use policy is no longer a draft hidden in a shared
folder. Managers are asking better questions. Employees are more confident about where AI can help and
where it must be checked.[1][3][4][14][15]

Then the chief operating officer asks the uncomfortable question: “What if the technology changes again
before we finish implementing what we have already started?”

It is a fair question. AI does not stand still while organisations build governance, train people, redesign
processes, negotiate vendor contracts, and measure value. New capabilities appear. Costs change.
Regulations mature. Vendors reposition products. Customers adopt new expectations. Competitors learn.
Employees find new ways of working. Some predictions prove exaggerated. Some risks become more
visible only after wider use.[1][3][4][14][15][9]

The wrong response is to freeze until the future becomes clear. It will not. The equally wrong response is to
bet the business on a single confident forecast. The practical response is scenario planning.[13][14]

Scenario planning is not fortune-telling. It is a leadership discipline for making better decisions under
uncertainty. Instead of asking, “What exactly will AI look like in three years?” leaders ask, “What plausible
futures should we be ready for, and what choices would still make sense across several of them?”

This chapter gives leaders a plain-English Scenario Planning Worksheet for AI. Its purpose is not to
predict the future perfectly. Its purpose is to keep the business adaptable, alert, and disciplined as AI
continues to change.

Why AI needs scenario planning

Most business plans assume a reasonably stable operating environment. There may be market changes,
competitor moves, cost pressures, labour shortages, and regulatory shifts, but leaders often build plans
around a central forecast. AI makes that harder because several important variables are moving at the
same time.[13][14]



The AI Pivot — reader PDF 259

Four AI Futures Scenario Matrix
Scenario planning helps leaders prepare for different futures rather than betting the b…

one forecast.

Fragmented
acceleration

Productive adoption

Regulated
consolidation

Trust crisis

Use the matrix to compare choices, not to replace judgement.

Figure 28.1

Capabilities are changing. Systems that once performed narrow tasks are becoming better at language,
images, coding, search, planning, and tool use. Some improvements are dramatic; others are uneven or
over-marketed. The practical question for a business is not whether every headline is true, but whether a
new capability could change the economics of a process, product, service, or decision.[15][16][13][14]

Costs are changing. Some AI features become cheaper and embedded in existing software. Others require
specialist implementation, higher usage fees, data preparation, integration, monitoring, and governance. A
tool that looks inexpensive at a team level may become costly when scaled across a business.[1][3][4]

Regulation and legal expectations are changing. Privacy, security, employment, consumer protection,
intellectual property, sector regulation, and AI-specific laws may all affect how AI can be used. The detail
varies by jurisdiction and should be reviewed by specialists. The management point is simpler: a use case
that is easy to start informally may require stronger controls as it becomes important or externally
visible.[6][7][8][5][9][10]

Customer expectations are changing. In some markets, customers may expect faster answers, more
personalised service, better digital support, and lower friction. In others, they may become more sensitive
to automated interactions, data use, impersonality, or opaque decisions. AI can raise the service bar, but it
can also make trust more fragile.[1][3][4]

Workforce expectations are changing. Employees may expect AI assistance in routine work, learning,
analysis, and communication. They may also worry about monitoring, job redesign, fairness, deskilling, or
unclear accountability. Adoption will depend not only on tool quality but on whether people believe the
organisation is using AI responsibly.[1][3][4][13][14][15]

Competitive behaviour is changing. Some competitors will adopt AI carefully and build real capability.
Some will make loud announcements with little substance. Some will move too fast and create risk. Some
will quietly improve customer experience, cycle time, cost structure, or innovation speed. Leaders need to
distinguish signal from theatre.[13][14]
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In this environment, a rigid AI strategy becomes stale quickly. A scenario-ready strategy stays useful
because it is built around choices, warning signs, and learning loops.[13][14]

The danger of one-story thinking

One-story thinking is the habit of organising strategy around a single imagined future. It sounds decisive,
but it can make leaders brittle.

One version says, “AI will transform everything very quickly, so we must automate as much as possible
now.” That story may lead to rushed tool adoption, weak controls, employee distrust, poor vendor deals,
and over-automation of sensitive work.[1][3][4][13][14][15]

Another version says, “AI is mostly hype, so we should wait until the market settles.” That story may lead to
slow learning, unmanaged shadow AI, missed productivity gains, weaker customer experience, and
dependence on vendors later.[15][16][13][14]

A third version says, “AI is mainly an IT platform decision.” That story may lead to technically neat systems
that do not solve important business problems.

A fourth says, “AI is mainly a people threat.” That story may lead to fear-based communication and missed
opportunities to improve work.

Good leaders avoid all four traps. They do not need certainty before acting. They need a portfolio of
decisions that can be adjusted as evidence changes.

The most useful question is not, “Which future is guaranteed?” It is, “Which actions are sensible in more
than one plausible future, and which actions should wait for clearer signals?”

Four AI futures to prepare for

The following scenarios are not predictions. They are working models. A real future may combine elements
of all four. Their value is that they force the leadership team to discuss different conditions before those
conditions arrive.

Scenario 1: Embedded AI becomes the normal layer of business software

In this scenario, AI becomes less visible as a separate initiative because it is built into everyday systems:
office suites, customer relationship management platforms, finance tools, service desks, enterprise
resource planning systems, analytics products, human-resources platforms, cybersecurity tools, and
industry-specific software.

The business does not need to buy a special AI product for every use case. AI features arrive through
vendor upgrades, licence tiers, and platform roadmaps. Employees encounter AI prompts, summaries,
recommendations, drafts, and automations inside tools they already use.[2][17][18][14][15][1]

The opportunity is broad productivity and better user experience. Teams may draft faster, search
knowledge more easily, triage work, summarise interactions, generate reports, and receive decision
support without complex custom builds.[2][17][18][15][16]

The risk is quiet adoption without deliberate management. If AI is embedded everywhere, leaders may
underestimate data exposure, output reliability, permissions, retention, auditability, and human review
requirements. Procurement may approve features without understanding workflow impact. Managers may
assume that a feature is safe simply because it appears inside a familiar platform.[6][7][8][1][3][4]

The leadership response is to treat embedded AI as real AI. The governance standard should not depend
only on whether the tool is famous or new. It should depend on use case, data, risk, affected stakeholders,
and business importance. Vendor evaluation, acceptable-use rules, and monitoring must apply to platform
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features as well as standalone tools.[1][3][4][9][11]

Key warning sign: employees are using AI features inside approved software, but the organisation has not
reviewed what data is used, how outputs are checked, or which workflows are affected.[14][15]

Scenario 2: AI capability leaps ahead faster than organisational readiness

In this scenario, AI systems become more capable at multi-step work, reasoning support, coding, analysis,
document handling, customer interaction, and workflow automation. Tools appear to do more with less
prompting. Agents can connect systems, trigger actions, and complete sequences under defined
instructions.[2][17][18][15][16]

The opportunity is significant. Work that once required several handoffs may become faster. Knowledge
workers may gain stronger support. Customers may receive more responsive service. Smaller firms may
access capabilities that previously required larger teams.

The risk is that capability outruns governance. A system that can draft a document is one kind of risk. A
system that can access customer data, update records, send messages, trigger payments, schedule
resources, or recommend decisions is a different kind of risk. As AI moves from advice to action,
accountability becomes more important.

Leaders should prepare by strengthening the boundary between decision support and execution. They
should define which actions AI may suggest, which it may prepare, which it may perform only after human
approval, and which it may not perform at all. Human oversight must be designed into the workflow, not
added as a slogan.

This scenario also raises workforce questions. If AI can support more complex tasks, roles may change.
Managers will need to redesign work, not simply ask employees to “use the tool.” Training must include
judgement, review, escalation, and error detection.

Key warning sign: teams begin connecting AI tools to live systems or customer-facing actions without a
clear oversight map, audit trail, rollback process, or owner.

Scenario 3: Trust, regulation, and risk become the main constraint

In this scenario, AI adoption continues, but the pace is shaped by trust. Regulators, courts, customers,
employees, insurers, procurement teams, and sector bodies place greater emphasis on transparency, data
use, accountability, testing, security, fairness, and explainability.

This does not mean AI stops. It means serious adoption becomes more disciplined. Buyers ask harder
vendor questions. Boards ask for risk reporting. Customers ask whether they are interacting with AI.
Employees ask how AI affects evaluation and monitoring. Regulators scrutinise sensitive uses. Legal
teams become more involved in product, employment, customer-service, and decision-support use cases.

The opportunity belongs to businesses that can prove responsible use. Trust becomes a competitive asset.
A company that can explain its AI governance, human oversight, data boundaries, incident process, and
customer protections may move faster than a company that treats governance as a delay.

The risk is that organisations with weak records, unclear ownership, poor data discipline, or informal tool
use face reputational, legal, operational, or procurement barriers. They may find that customers, partners,
or enterprise buyers will not accept vague assurances.

The leadership response is to make governance usable and visible. Policies should be translated into
practical workflows. Risk registers should be maintained. High-risk uses should receive specialist review.
Vendor contracts should be scrutinised. Customer-facing and employee-impacting use cases should be
handled with particular care.
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This chapter does not provide legal advice. Specific obligations depend on jurisdiction, sector, data, use
case, and implementation. Leaders should check regulatory assumptions against current primary sources
and appropriate specialist advice before acting.

Key warning sign: AI use expands into regulated, customer-facing, employment, financial, health, safety, or
legally sensitive decisions before the business can explain its controls.

Scenario 4: The market separates into fast learners and slow learners

In this scenario, the decisive difference is not access to tools. Most competitors can buy similar software.
The difference is organisational learning.

Fast learners build disciplined use-case portfolios. They know which processes matter. They clean enough
data to support priority workflows. They redesign work. They train managers. They measure value. They
retire weak pilots. They scale useful ones. They improve governance as they go. They do not treat every
experiment as success, but they become better at choosing and executing.

Slow learners may still be busy. They may have pilots, workshops, vendor demos, innovation days, and
impressive presentations. But learning remains fragmented. Teams repeat mistakes. Data problems are
rediscovered. Shadow AI persists. The same risk questions delay every project. ROI claims remain vague.
Managers are not supported. Pilots do not become operating capability.

The opportunity in this scenario is strategic. A business that learns faster may improve cycle time,
customer experience, cost-to-serve, decision quality, innovation speed, and employee capability over time.
Not because AI does everything, but because the organisation becomes better at applying it where it
matters.

The risk is complacency. Leaders may mistake activity for progress. They may count tools, pilots, licences,
training attendance, or press releases instead of measuring whether the business is becoming more
capable.

The leadership response is to build a learning system. That means maintaining an AI portfolio, reviewing
outcomes, capturing lessons, updating standards, sharing reusable patterns, and linking AI work to
strategy and operating reviews.

Key warning sign: the organisation has many AI activities but cannot clearly state what it has learned, what
has been stopped, what has scaled, and what decision will be made next.

The Scenario Planning Worksheet

Use this worksheet at least twice a year, and whenever a major technology, regulatory, market, or
competitive shift occurs. It can be completed by the executive team, an AI steering group, or a strategy
team with input from technology, data, security, legal, HR, finance, operations, sales, and customer-facing
leaders.

Step 1: Define the planning horizon

Choose a horizon long enough to matter but short enough to manage. For most businesses, 12 to 36
months is practical. Five-year AI forecasts can be useful for imagination, but they are often too uncertain
for detailed operating decisions.[13][14]

Write down the horizon: “We are planning for the next 24 months.”[13][14]

Step 2: Identify the key uncertainties

List the uncertainties that could materially affect the business. Examples include:

● How quickly AI capabilities improve in the tasks relevant to our business.
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● How much AI becomes embedded in our core software platforms.

● How customers respond to AI-assisted service or products.

● How regulation or sector expectations develop.

● How employee expectations and skill needs change.

● How competitors use AI to change speed, cost, or customer experience.

● How vendor pricing, lock-in, and data-use terms evolve.

● How cyber, privacy, intellectual-property, or operational risks emerge.

Do not list every possible trend. Focus on the uncertainties that could change decisions.

Step 3: Build three or four plausible scenarios

Give each scenario a short name. Avoid dramatic labels that push the team toward hype or fear. A useful
set might be:

● Embedded AI Everywhere.

● Capability Outruns Readiness.

● Trust Becomes the Gatekeeper.

● Fast Learners Pull Ahead.

For each scenario, write a half-page description covering customers, employees, competitors, vendors,
regulation, operations, and economics.

Step 4: Test your current strategy against each scenario

Ask what would happen to the current AI strategy if the scenario became more likely.

● Which initiatives would become more important?

● Which initiatives would become riskier?

● Which vendor decisions would need review?

● Which skills would matter more?

● Which governance controls would need strengthening?

● Which data or process foundations would become urgent?

● Which customer promises would need to change?

● Which investments would still make sense?

This is the heart of the exercise. A strategy that works in only one narrow future may be fragile.

Step 5: Identify no-regret moves

No-regret moves are actions that are useful across several plausible futures. For AI, they often include:

● Improving data ownership, quality, access, and security for priority processes.

● Building basic AI literacy for leaders and managers.

● Creating acceptable-use rules and a practical governance cadence.

● Maintaining an AI tool, use-case, and risk inventory.
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● Redesigning high-friction processes before automating them.

● Training teams to review, challenge, and document AI-assisted work.

● Strengthening vendor evaluation and exit planning.

● Measuring pilots honestly and retiring weak ideas.

● Building an internal library of lessons, patterns, and reusable controls.

These moves do not require perfect foresight. They make the organisation more capable whichever
scenario develops.

Step 6: Define strategic options

Some decisions should not be made too early, but they should be prepared. These are options.

An option might be a potential partnership, a data-platform investment, a customer-facing AI service, an
internal automation programme, a specialist hire, a governance upgrade, or a product feature. The
business does not fully commit yet, but it does enough discovery to move quickly if the signals become
stronger.

For each option, define:

● What would trigger action?

● What evidence is needed?

● What would it cost to prepare?

● What risks must be resolved first?

● Who owns the option?

● When will it be reviewed?

Options keep the business from choosing between reckless commitment and passive waiting.

Step 7: Track early warning signals

A scenario plan is only useful if leaders revisit it. Choose signals that indicate which future may be
emerging. Examples include:

● Major vendors changing AI pricing, data terms, or default features.

● Customers asking about AI use, transparency, or data handling.

● Competitors reducing service times, launching AI-enabled products, or changing pricing.

● Regulators issuing new guidance or enforcement actions in relevant areas.

● Employees adopting unofficial tools despite policy gaps.

● AI tools moving from drafting and search into action-taking workflows.

● Internal pilots showing repeated data, process, adoption, or governance blockers.

● Security incidents or near misses involving AI tools.

Assign owners to monitor the signals. Put them into an existing leadership rhythm. Scenario planning
should not become an annual offsite ritual with no operational link.

How scenarios change investment decisions
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Scenario planning should influence budget and timing. It helps leaders decide where to commit, where to
explore, where to delay, and where to stop.

Commit to foundations that are useful in most futures. Data readiness, governance, security, workforce
capability, process clarity, vendor discipline, and measurement are not glamorous, but they preserve
strategic flexibility.

Explore areas with high potential but uncertain timing. For example, AI agents that act across systems may
be powerful in some contexts, but they require stronger controls. A business can run limited discovery,
define oversight rules, and test internal low-risk workflows before allowing broader action.

Delay decisions that depend heavily on unclear external conditions. A customer-facing AI feature in a
regulated or trust-sensitive market may require further legal review, customer research, and technical
assurance before launch.

Stop activities that make sense only under a hype-driven assumption. If a pilot has no clear owner, no
measurable outcome, weak adoption, unresolved risk, and no path to workflow integration, scenario
planning should not rescue it. It should be retired.

The discipline is to keep the portfolio alive. AI strategy should not be a one-time document. It should be a
living set of commitments, options, signals, and reviews.

Common mistakes in AI scenario planning

The first mistake is treating scenarios as predictions. A scenario is not a bet that the future will happen
exactly that way. It is a tool for testing strategy.

The second mistake is making the scenarios too extreme. “AI changes nothing” and “AI replaces everyone”
may provoke discussion, but they often produce poor decisions. Better scenarios are plausible, specific,
and connected to business choices.

The third mistake is ignoring downside risk. Scenario planning should include capability, opportunity, cost,
trust, regulation, workforce, vendor, security, and customer implications.

The fourth mistake is ignoring upside. Some cautious organisations discuss risk so thoroughly that they
forget to prepare for opportunity. If AI meaningfully improves relevant tasks, a business that has not built
skills, data foundations, or use-case discipline may be slow to benefit.

The fifth mistake is failing to assign owners. If nobody owns signals, options, and review dates, the
scenario plan becomes another strategy document that does not affect behaviour.

The sixth mistake is letting vendors define the future. Vendors can provide useful information, but their
incentives are not identical to the business’s incentives. Treat vendor forecasts as inputs, not as strategy.

Leadership questions for an uncertain AI future

Leaders should regularly ask:

● 1. What assumptions about AI are built into our current strategy?

● 2. Which of those assumptions are facts, forecasts, hopes, or vendor claims?

● 3. What would make our current roadmap obsolete or incomplete?

● 4. Which capabilities are becoming embedded in tools we already use?

● 5. Where could AI move from advice to action in our workflows?

● 6. Which customer or employee trust issues could become more important?
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● 7. Which regulatory, legal, or sector developments require specialist review?

● 8. Which investments are useful across several plausible futures?

● 9. Which decisions should remain options until clearer evidence appears?

● 10. What have we learned from pilots that should change our assumptions?

These questions are not designed to slow the business down. They are designed to prevent false
confidence.

Reader exercise: run a 90-minute AI scenario session

Gather a small cross-functional group. Include business leadership, technology, data, security, legal or
compliance, HR, finance, and at least one person close to customers or operations.

Use the following agenda:

First 15 minutes: Agree the planning horizon and list the five uncertainties that matter most to the
business.[13][14]

Next 20 minutes: Build three plausible scenarios. Keep them specific. Describe what changes for
customers, employees, competitors, vendors, regulation, and operations.[13][14]

Next 25 minutes: Test the current AI roadmap against each scenario. Identify what becomes more
important, riskier, weaker, or more urgent.[13][14]

Next 20 minutes: Choose no-regret moves and strategic options. Assign owners.[13][14]

Final 10 minutes: Agree early warning signals and review dates.[13][14]

At the end of the session, the output should be a one-page scenario worksheet, not a long report. The
value is in the clarity of decisions.

Summary

The future of AI is uncertain, but uncertainty is not an excuse for inaction. Businesses should not wait for
perfect clarity, and they should not bet everything on a single forecast.

A practical AI-ready business prepares for several plausible futures. It watches how capability, cost,
regulation, trust, customer expectations, workforce behaviour, vendors, and competitors are changing. It
identifies no-regret moves. It keeps strategic options open. It tracks signals. It updates its roadmap as
evidence changes.

The goal is not to predict the future better than everyone else. The goal is to build a business that can keep
learning while the future unfolds.

The final chapter turns that question into the closing leadership challenge: how do you build a business that
can keep learning, adapting, and governing well when the technology keeps changing?
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Chapter 29 — Conclusion: Building a Business
That Can Keep Learning[1][14]
The chief executive looks around the room at the end of the AI strategy review. There is no longer a single
question on the table. At the beginning, the question was simple: “What should we do about AI?”[13][14]

Now the leadership team can see the real shape of the work. There are use cases to prioritise, data
foundations to improve, processes to redesign, pilots to measure, vendors to scrutinise, risks to govern,
employees to support, customers to protect, and scenarios to watch. Some initiatives look promising.
Some need more evidence. Some should be stopped. Some require legal, security, privacy, or
sector-specific review before they move further.[6][7][8][9][10][11]

This is progress, even if it feels less dramatic than the headlines.

The most mature AI conversation in a business is not the one with the biggest claims. It is the one where
leaders can say, plainly and confidently: here is what we are trying to improve, here is where AI may help,
here is what we will not automate, here is how we will test it, here is who is accountable, here is how we
will measure value, here is how we will protect people and data, and here is how we will learn from the
result.

That is the point of this book. Not to turn every leader into a technologist. Not to convince every business to
adopt every new tool. Not to promise that AI will remove uncertainty from management. The point is to help
leaders build organisations that can keep learning as AI changes the conditions of work, competition, risk,
and customer expectation.[13][14]

The ultimate advantage is not one AI project. It is the capacity to learn faster, govern better, and adapt
more responsibly than competitors who are either paralysed by uncertainty or intoxicated by novelty.

The real AI-ready business

An AI-ready business is not a business that has automated everything. It is not a business with the largest
software budget, the most pilots, or the most enthusiastic internal announcements. It is a business that can
make better decisions about AI repeatedly.
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The AI-Ready Learning Loop
An AI-ready business keeps learning through sensing, choosing, piloting, measuring, gov…

scaling, and adapting.

Sense

Choose

ActMeasure

Learn

Learning loop

Figure 29.1

That distinction matters.

Many organisations can run a demonstration. Fewer can convert a use case into a controlled pilot. Fewer
still can redesign the workflow, prepare the data, train the people, manage the risk, measure the value, and
scale only when the evidence supports it. The difference is not access to technology. The difference is
management discipline.

An AI-ready business has leadership clarity. Senior leaders understand why AI matters to the organisation,
where it connects to strategy, and what level of risk is acceptable. They do not outsource the whole
conversation to technology teams, vendors, or enthusiasts. They ask better questions and make explicit
choices.

It has business focus. AI work begins with customer pain, operational friction, decision bottlenecks,
revenue opportunities, quality problems, risk reduction, or employee experience. Tools are selected
because they support a business outcome, not because they are fashionable.[14][15][13][16]

It has data discipline. Leaders know that AI quality depends on the information it can use, the meaning of
that information, the rights attached to it, the security around it, and the owners responsible for it. They do
not demand perfect data before starting, but they do not pretend that messy, inaccessible, or poorly
governed data will magically produce reliable outcomes.[9][10][11][12]

It has process discipline. It does not automate broken workflows without first asking what should be
removed, simplified, standardised, augmented, or redesigned. It treats AI as a way to improve work, not
merely speed up existing confusion.

It has people discipline. Employees understand where AI can help and where judgement remains
essential. Managers know how roles, tasks, incentives, review responsibilities, and escalation paths are
changing. Training is practical and role-specific. Communication is honest enough to build
trust.[1][3][4][14][15]
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It has governance discipline. Policies are not just documents. They are translated into approval paths, tool
registers, risk tiers, data-use rules, human oversight, incident response, vendor scrutiny, and leadership
review. Governance is not a brake on progress. Done well, it is what allows progress to continue
safely.[9][10][11][12][1][3]

It has measurement discipline. Leaders distinguish activity from impact. They measure productivity, quality,
speed, capacity, revenue, risk reduction, employee experience, customer experience, learning value, and
full cost. They are willing to stop weak ideas instead of defending them because time and attention have
already been spent.[15][16][13][14]

Most importantly, it has learning discipline. It captures what each pilot reveals. It updates standards. It
reuses patterns. It shares lessons across functions. It watches changes in capability, regulation, vendors,
customer behaviour, and workforce expectations. It treats AI strategy as a living management system, not
a one-time document.[13][14][15]

What this book has asked of leaders

This book began with the AI moment because leaders were being asked to respond before the
conversation had become clear. The first step was to remove confusion. AI is not one tool, one technique,
or one destiny. It is a family of technologies that can support prediction, language, generation, search,
classification, recommendation, automation, and decision support. It can be useful. It can also be wrong,
biased, insecure, expensive, poorly integrated, or misapplied.[2][17][18]

From there, the book moved from understanding to opportunity. AI can support sales, marketing, customer
service, operations, finance, HR, legal, compliance, product, innovation, and research. But each function
has different risks, data needs, workflows, and success measures. A customer-service knowledge
assistant is not the same as an employment screening tool. A finance commentary draft is not the same as
an automated credit decision. A sales proposal assistant is not the same as a customer-facing AI agent.
Leaders must evaluate use cases in context.[2][17][18][15][16][14]

The readiness chapters made a practical argument: AI exposes the quality of the organisation underneath
it. If data is unclear, AI will expose it. If processes are fragmented, AI will expose them. If employees do not
trust leadership, AI will expose that. If accountability is vague, AI will expose it. If governance is
performative, AI will expose it.[1][3][4][14][15]

The implementation chapters then focused on disciplined movement. Choose use cases. Decide whether
to build, buy, or partner. Select vendors carefully. Design safe pilots. Measure return on investment and
broader business impact. Scale only when the operating model is ready. This sequence is slower than
buying a tool and faster than waiting for perfect certainty. It is the practical middle path.[13][14][15][16]

The final chapters asked leaders to think beyond projects. AI strategy is a portfolio. Leadership is the
hinge. The first 365 days should create a rhythm of governed learning. Future scenarios should keep the
strategy adaptable. And now the conclusion is simple: build a business that can keep learning.[13][14]

Reader exercise: the Final AI-Ready Business Checklist

Use this checklist as a closing assessment and as a recurring leadership review. It is not designed to
produce a vanity score. It is designed to expose what needs attention next.

1. Strategic clarity
● Can we explain, in plain English, why AI matters to our business strategy?

● Have we identified the business outcomes AI should support?

● Do we know which AI opportunities are strategic, operational, experimental, or low priority?
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● Have we agreed what we will not use AI for, at least for now?

If the answer is unclear, the next step is not another vendor demo. It is a strategy conversation.[1][3][9][11]

2. Use-case discipline
● Do we maintain an inventory of AI use cases, including informal or experimental uses?

● Are use cases prioritised by value, feasibility, risk, data readiness, strategic importance, and ownership?

● Does every active initiative have a business owner, not just a technical owner?

● Do we stop or pause weak use cases when evidence is poor?[21][22][23][1][4][6]

A business that cannot say no to AI ideas will struggle to say yes to the right ones.

3. Data and knowledge readiness
● Do priority use cases have identified data or knowledge sources?

● Is ownership clear?

● Are quality, access, security, retention, rights, and privacy requirements understood?

● Are there processes for keeping knowledge current after launch?[6][7][8][9][10][11]

AI does not need perfect data for every use case, but it does need enough trustworthy context for the task
it is being asked to support.

4. Process and workflow fit
● Have we mapped the current workflow before introducing AI?

● Do we know where human judgement is required?

● Have we removed or simplified unnecessary steps before automating?

● Does the AI-assisted workflow fit how people actually work?

A tool that does not fit the workflow becomes an extra burden, even if the demonstration looked
impressive.

5. People, skills, and culture
● Do leaders and managers have practical AI literacy?

● Are employees trained for the specific ways AI affects their roles?

● Do people know how to review, challenge, document, and escalate AI-assisted work?

● Is communication honest about both opportunity and impact?

● Are incentives aligned with responsible use, not just visible experimentation?[13][14][15]

AI adoption depends on trust. Trust depends on clarity, competence, and credible behaviour from
leadership.

6. Governance and accountability
● Do we have acceptable-use rules that employees can understand?

● Do we maintain an AI tool, project, and risk register?



The AI Pivot — reader PDF 271

● Are higher-risk use cases reviewed by the right specialists?

● Are human oversight, audit trails, incident response, and review cadence defined?

● Does leadership receive reporting on AI value, risk, adoption, and lessons learned?

Governance should be proportional. Low-risk productivity support should not face the same process as
sensitive, customer-facing, employee-impacting, financial, legal, health, safety, or regulated uses. But
every meaningful use should have an owner.

7. Vendor and technology control
● Do we understand how vendors use our data?

● Have security, privacy, integration, resilience, pricing, support, lock-in, and exit options been reviewed?

● Have we tested tools against real workflows, messy data, and failure cases?

● Do contracts and configurations reflect the risk of the use case?

Vendors can accelerate progress. They should not define strategy or quietly set the organisation’s risk
appetite.

8. Measurement and learning
● Do pilots have success criteria before they begin?

● Do we measure value beyond simple time saved?

● Do we include full costs: licences, integration, data preparation, training, governance, support,
monitoring, and change management?

● Do we capture lessons and reuse them across the business?

● Do we review the portfolio regularly and update priorities?

The question after a pilot is not only, “Did it work?” It is, “What decision has this evidence enabled?”

9. Risk, trust, and responsible use
● Have we identified privacy, security, bias, accuracy, intellectual-property, regulatory, workforce,

customer, operational, and reputational risks?

● Are legal and regulatory statements reviewed by appropriate specialists where needed?

● Are customer-facing or employee-impacting AI uses handled with particular care?

● Can we explain our AI controls to customers, employees, partners, auditors, or regulators if required?

Responsible wording matters here. This book is business guidance, not legal advice. Specific obligations
depend on jurisdiction, sector, data, use case, configuration, contracts, and implementation. Leaders
should check legal, regulatory, privacy, security, employment, intellectual-property, and sector-specific
assumptions against current primary or specialist sources before acting.

10. Adaptability
● Do we revisit AI strategy as capabilities, costs, vendors, regulation, trust expectations, and competitive

behaviour change?

● Do we track early warning signals?
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● Do we maintain no-regret moves and strategic options?

● Can we change course without treating adjustment as failure?

An AI-ready business is not rigid. It is disciplined enough to move and humble enough to update.

The mistakes to leave behind

If there is one mistake to leave behind, it is treating AI as a technology purchase rather than a
management challenge. Tools matter, but they are not the whole answer. Buying software does not choose
the right use cases, clean the data, redesign work, train managers, reassure employees, define oversight,
measure impact, or build customer trust.

A second mistake is treating AI as a pure efficiency programme. Efficiency can be valuable. But if leaders
look only for headcount reduction or faster output, they may miss better customer experience, improved
decision quality, risk reduction, capacity creation, product innovation, employee support, and
organisational learning. They may also damage trust by making adoption feel extractive rather than
constructive.

A third mistake is confusing experimentation with progress. Experimentation is useful only when it
produces learning. A business can run many pilots and still learn very little if each one is disconnected,
poorly measured, weakly governed, or abandoned without reflection.

A fourth mistake is seeking certainty before action. AI will not become fully settled before leaders need to
make decisions. Waiting carries risk. So does rushing. The answer is controlled movement: small enough
to learn safely, serious enough to matter.

A fifth mistake is ignoring the human system. AI changes tasks, roles, workflows, confidence, identity,
accountability, and trust. Leaders who communicate only in terms of tools and savings will struggle to win
adoption. Leaders who involve people in redesign, explain boundaries, provide training, and listen for risk
will move further.

A final mistake is assuming the first strategy will be the final strategy. It will not. The organisations that
benefit most will not be those that guessed everything correctly at the start. They will be those that notice,
learn, correct, and improve.

What to do next

If you are closing this book and asking where to begin, begin with a short leadership session. Do not start
with a tool catalogue. Start with five questions:

● 1. What business outcomes do we most need to improve?

● 2. Where are employees already using AI, formally or informally?

● 3. Which three to five use cases are worth serious evaluation?

● 4. What data, process, people, governance, and risk issues would block those use cases?

● 5. What controlled pilot or readiness action should we take in the next 30 days?[1][3]

Then assign owners. Put dates in the calendar. Use the checklists and worksheets. Keep the first actions
narrow but real. Review progress. Record lessons. Stop what does not work. Scale what does. Update the
strategy.

This is not glamorous advice. It is better than glamour. It is how businesses become capable.
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Final summary

The book’s core message is simple: AI becomes valuable when it is attached to real business decisions,
embedded in redesigned work, governed by accountable people, measured against outcomes that matter,
and improved through learning. The AI-ready business is not the one that predicts the future perfectly. It is
the one that can keep asking better questions as the future changes.

The leadership test

AI is often described as a technology trend. For business leaders, that description is incomplete. AI is a test
of leadership.

It tests whether leaders can act without pretending to know everything. It tests whether they can separate
signal from noise. It tests whether they can connect technology to business value. It tests whether they can
protect trust while pursuing improvement. It tests whether they can invest in foundations that do not always
produce immediate applause. It tests whether they can say no to weak ideas and yes to disciplined
learning. It tests whether they can bring people with them.

There will be more tools. There will be more claims. There will be more warnings. Some will matter. Some
will fade. The business does not need to chase every new announcement. It needs a way to decide what
matters, test it responsibly, and learn faster than before.

The future will not reward the loudest AI strategy. It will reward the clearest, most adaptive, most
trustworthy learning system.

Build that system. Start where the business value is real. Keep the risk visible. Keep people involved. Keep
evidence at the centre. Keep governance practical. Keep updating the plan.

AI is a leadership test disguised as a technology trend. The businesses that pass it will not be the ones that
believed every promise or feared every possibility. They will be the ones that learned how to keep learning.
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