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Foreword
Artificial intelligence is rapidly becoming foundational to modern technology—
much as cloud computing did in the early 2010s. There was a time when cloud 
fluency was considered specialized knowledge. Today, it is assumed. Entire 
industries have been reshaped, and the companies that mastered cloud now sit 
among the most valuable enterprises in history.

AI is following the same trajectory, but the abstractions run deeper. The start-
ing point is less obvious. And most compelling, the rate of change is an order of 
magnitude faster.

Many capable technology leaders know that AI matters; fewer know how to 
operationalize it. For those who do, the payoff is extraordinary—geometrical 
improvements in productivity and insight. This is widening the divide between 
those who can effectively apply AI and those still searching for a foothold. 

The pressing question is not whether AI matters—it is where to begin.

Derya has created not just a guide to AI, but a guide to thinking clearly about 
AI. That is what makes this book so valuable. I have had the privilege of work-
ing with Derya for several years, and during that time I have seen firsthand 
the clarity, rigor, and practical wisdom she brings to complex technology. She 
understands that applied AI is not about hype or surface familiarity—it is about 
durable comprehension.

This book builds that comprehension layer by layer. It connects the technical 
foundations of models and data to the real-world constraints of systems and 
product strategy. It is rigorous without being inaccessible, dense without being 
overwhelming, and consistently grounded in delightful real-world anecdotes of 
how AI is used by some of the best companies out there.

Whether you are just beginning your AI journey or already immersed in the 
field, you will come away with new insights and sharper clarity—particularly 
around the distinctions between model types and why those distinctions mate-
rially shape product strategy.

Joe Inzerillo 
President, Enterprise and AI Technology 
Salesforce



Author Praises
Derya Isler’s AI product management arrives at an important moment as artifi-
cial intelligence moves beyond experimentation and becomes embedded in real 
organizational decision-making. At this stage, leaders need more than technical 
familiarity with AI tools; they need strategic judgment, product intuition, and a 
clear understanding of how AI creates sustainable and measurable value.

Drawing on substantial industry experience, Derya explains why AI products 
differ fundamentally from traditional software systems. They are probabilistic 
rather than deterministic, data-driven rather than rule-based, and continuously 
evolving rather than static. Managing such systems requires balancing business 
objectives, user trust, and technical constraints simultaneously. Her discussions 
of AI MVPs, data strategy, and human–AI collaboration are particularly insight-
ful, emphasizing that successful AI products are not built around algorithms 
alone but around clearly defined user problems and iterative learning.

Having known Derya through our academic and professional connection, I 
have observed her intellectual rigor, curiosity, and consistent commitment to 
bridging industry practice with academic thinking. These qualities are evident 
throughout the book. It will serve not only as a strong textbook for students but 
also as a practical and thoughtful guide for practitioners seeking to navigate the 
evolving AI economy with clarity and purpose.

—Professor. Can Erbil, Boston College

The AI landscape is drowning in hype. This book is the antidote. Derya Isler 
makes a deceptively simple argument that most organizations get catastrophi-
cally wrong: Start with the problem, not the technology. Her layered approach 
to AI MVPs, her insistence that data strategy is product strategy, and her frame-
works for building defensible data moats reflect hard-won wisdom from Spotify, 
Meta, and Salesforce—not theoretical speculation. She dismantles the fantasy 
of algorithmic perfection and replaces it with something far more valuable: a 
disciplined methodology for making AI deliver. Derya is one of the top faculty 
members in the program I lead at Boston College, and that is no accident—she 
combines elite practitioner credentials with a rare gift for making complex 
material rigorous, accessible, and immediately useful. This book belongs on the 
desk of every leader who refuses to let AI investment become expensive theater.

—Aleksandar (Sasha) Tomic, Ph.D. 
Associate Dean for Strategy, Innovation and Technology 

Senior Program Director, MS in Applied Economics | MS in Applied Analytics 
Woods College of Advancing Studies
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Introduction

Artificial intelligence is transforming how products 
are built, how teams operate, and how companies 

compete. But despite AI’s potential, most organizations 
struggle to turn it from a promising prototype into a scal-
able, trustworthy, and impactful product. AI requires new 
ways of thinking about users, about data, about design, 
and about leadership itself.

Traditional product development assumes predictability. 
AI is inherently unpredictable. It learns, evolves, fails, 
corrects, surprises, and behaves in ways no team can 
script. The shift creates extraordinary opportunity and 
significant risk.

This book helps leaders navigate that shift.

Drawing on years of experience building AI systems at 
scale, I wrote this book to give product leaders a practical 
guide to understanding AI capabilities, designing excep-
tional AI experiences, and leading organizations through 
the transformation required to adopt AI responsibly. You’ll 
find frameworks, examples, and practical tools rooted in 
real teams, real products, and real lessons.
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My hope is that this book becomes the companion you reach for when 
shaping your AI vision, collaborating across teams, or navigating the ambi-
guities that inevitably arise when building intelligent systems.

Who Should Read This Book
This book is for every leader responsible for transforming AI potential into 
real product value. 

It is for product managers who want to transition into AI product manage-
ment and understand the skills, processes, and decision-making frameworks 
needed to build AI products. It will help you learn how to evaluate opportu-
nities, create AI roadmaps, and ship products that deliver real value.

It is for product leaders across engineering, data science, and design 
who want to understand how to build AI products at scale. You’ll learn 
strategies for creating trustworthy, feasible, user-centered AI systems; for 
scaling AI products to millions; and for collaborating effectively across 
cross-functional teams.

And it supports executives and business leaders guiding AI transformation 
across an organization. It will help you assess AI opportunities, evalu-
ate risk, think through ROI, build AI-ready teams, and create the culture 
needed to move from experimentation to meaningful, long-term impact.

What This Book Does and Doesn’t Cover
This book focuses on the practical side of building AI products. It explores 
how AI changes product strategy and decision-making, how to identify 
meaningful AI opportunities, and how to build AI MVPs that can be vali-
dated quickly. You will learn how to design transparent and trustworthy AI 
user experiences, measure AI performance in ways that go beyond accuracy 
metrics, scale AI systems, build AI-ready teams and organizational culture, 
and adopt responsible and ethical AI practices across the product lifecycle.

What this book does not cover are the deep mathematical foundations of 
artificial intelligence, low-level model implementation details, research-
driven techniques without product context, or vendor-specific tooling 
tutorials.  
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How This Book Is Organized
This book is divided into four parts, each building on the last, but you do 
not need to read them strictly in sequence. 

Part 1, “Foundations for AI Product Leadership,” is essential if you are com-
pletely new to AI or want to establish a strong foundation. You should read 
it first. It introduces the core concepts of AI product leadership and the fun-
damentals of AI and machine learning in a way that helps you understand 
why AI products behave differently from traditional software. Whether you 
are a product manager, designer, engineering leader, or executive, this part 
gives you the shared vocabulary and mental models needed to make sense of 
the rest of the book.

Part 2, “Strategy and Decision-Making for AI Products,” focuses on vision, 
strategy, and investment. These chapters explain how to define an AI vision, 
identify high-impact opportunities, make strategic trade-offs, and manage 
an AI portfolio in a disciplined, high-ROI way. Executives, senior product 
leaders, and anyone responsible for making investment decisions will find 
this section especially useful, but practitioners can also jump directly here 
if strategic framing is their priority. You can read this part independently if 
you want to focus specifically on the organizational and strategic layers of 
AI adoption.

Part 3, “AI Products That Deliver Value,” shifts from high-level strategy to 
the day-to-day work of building AI products. Here, you will find practical 
guidance on data strategy, model development, evaluation frameworks, AI 
user experience, and how to measure whether your AI product is actually 
delivering value. These chapters are grounded in real-world workflows and 
are particularly useful for product managers, engineers, designers, and data 
scientists who are involved in hands-on execution. Although this part builds 
naturally on the earlier sections, you may choose to jump to specific chap-
ters if you want focused guidance on data, modeling, or UX.

Part 4, “Organizational Excellence and Future Proofing,” addresses what it 
takes to scale AI beyond a single product or team. It covers organizational 
structure, talent strategy, operational processes, governance frameworks, 
and the cultural shifts required to sustain AI capabilities in the long run. 
Leaders and executives will find this section especially relevant, as it 
explains how to build AI-ready organizations and avoid the pitfalls that 
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cause AI efforts to stall. You can read this part on its own to understand how 
to take AI from experimentation to enterprise-wide impact.

The page limitations of this printed book could not accommodate all the 
insight included in Strategic AI Product Leadership. Bonus Chapter 11, 
“Creating Sustainable AI Advantages, ” is an extension of Part 4 and is avail-
able as an online resource in the full ebook version.

The Appendix, “Industry Resources,” curates multiple verified books, 
academic papers, and practitioner articles across the core domains of AI 
product leadership that are covered throughout this book. Resources are 
organized by topic, with citations, summaries, and guidance on why each 
matters.

Although the book is designed to flow from foundational concepts to strat-
egy, execution, and organizational scaling, you can move back and forth 
depending on your interests. Start with Part 1 if you need the fundamentals. 
Turn to Part 2 if you’re focused on vision and investment. Explore Part 3 for 
hands-on product-building practices. Read Part 4 if your priority is scal-
ing AI capabilities across teams or the entire organization. Each part stands 
alone, but together they form a complete guide to strategic AI product 
leadership.

Online Resource
You must register your purchase of the print book on informit.com to access 
the online Chapter 11, “Creating Sustainable AI Advantages.”

1.	 Go to informit.com/9780135491140.

2.	 Sign in or create a new account. 

3.	 Click the Access Bonus Content link to download the bonus content 
from the Registered Products tab on your Account page.

If you purchased this as a digital product, Chapter 11 will automatically be 
included in your PDF or ePub.

https://informit.com
https://informit.com
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CHAPTER 1

Understanding 
Strategic AI  

Product Leadership
“The future is already here. It’s just not evenly distributed.”

—William Gibson, science fiction writer

I watched a promising startup waste millions building an 
artificial intelligence (AI)1 recommendation system for 

their online store. For nine months, their engineers cre-
ated complex algorithms that could analyze shopping 
behavior with impressive accuracy. Executives bragged 
about the technology in board meetings, showing off 
complicated diagrams and tiny improvements in predic-
tion scores. When finally launched, the system worked 
perfectly, yet customers simply didn’t care. Nobody used

1	 AI and artificial intelligence are used interchangeably throughout this book.
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the recommendations, sales didn’t improve, and not a single customer 
mentioned the feature in feedback. The painful truth was the team had never 
bothered to check if customers had trouble finding products they wanted 
or what their true pain point was. They’d built an expensive solution to a 
problem that didn’t exist, while ignoring real issues that could have been 
fixed without AI.

The story of this startup is not unusual. This isn’t just a problem for new 
companies, either. At Strategic AI Leadership, the AI consulting company I 
founded, I’ve spent countless hours talking with product teams and execu-
tives who share similar stories. Their answers reveal a concerning pattern: 
“We’re using AI because our leadership wanted it” or “We added AI features 
because our investors said we could raise more money if we did.” At a 
recent conference where I gave a keynote speech, I asked how many teams 
had goals written as “build an AI feature.” The number of raised hands was 
shocking. After my talk, attendees approached me and told me that their 
leaders wanted to build AI, but nobody had clearly defined what problems 
these solutions needed to solve.

If this is your story, you need to learn how to become an AI product leader 
who thinks strategically and builds products that deliver value for users and 
the business. So read on.

The Gap Between Winners and Losers
Gibson’s quote that “The future is already here. It’s just not evenly 
distributed” perfectly captures today’s AI landscape. Some organizations 
have successfully leveraged AI to transform their businesses, creating 
unmatched customer value and competitive advantages that seem almost 
magical to their struggling competitors. These leaders aren’t always the 
companies with the biggest budgets or the best talent. They’re the ones with 
disciplined product leadership that connects AI possibilities to real business 
needs. Think about how many AI-powered chat solutions you have seen 
in the past two years, or how many AI agent tools you’ve tried. Some took 
the lead and created genuine user (and business) value, while others were 
merely a momentary flare that were forgotten within a year.

The gap between AI winners and losers grows wider every quarter, not 
because of access to technology (which is increasingly commoditized) 
but because of the uneven distribution of strategic product thinking that 
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turns that technology into value. Companies without this strategic thinking 
increasingly find themselves in a dangerous position: investing heavily in AI 
technologies that deliver minimal returns while more strategic competitors 
pull further ahead with thoughtfully applied AI solutions.

Strategic AI product leadership means thoughtfully leading AI products to 
solve real problems, not just using AI because it’s trendy. It’s about knowing 
when AI is the right answer and when it’s not, starting with what users and 
businesses actually need instead of what’s technically cool, and making sure 
AI products support the company’s long-term goals. This kind of leadership 
requires understanding users deeply, knowing both short-term and long-
term business goals, and having enough technical knowledge to understand 
what AI can actually do and what creates real value.

As a person who has spent more than a decade building AI products that 
users loved and still love, I am not saying AI is just hype or an expensive 
solution that you should shy away from. What I am saying is that strategic 
AI product leadership isn’t about chasing AI for its own sake, but rather 
about deeply understanding user and business problems first, and then com-
bining them with the possibilities that AI brings to life to generate outsized 
value that was not possible without AI.

Strategic AI product leadership also recognizes that successful AI imple-
mentation requires more than just technological integration. It demands 
thoughtful consideration of user experience, ethical implications, organi-
zational change management, and long-term sustainability. These leaders 
navigate complex decision-making processes, balancing technical possibili-
ties with practical constraints while ensuring solutions align with broader 
business strategies.

To start our journey toward strategic AI product leadership, we need to 
understand the nature of AI products, their unique opportunities and con-
straints, and why mastering AI product leadership has become essential for 
company survival. 

What Are AI Products?
Through building systems that millions interact with daily—from Instagram 
Reels recommendations to Spotify personalization—I’ve learned that AI 
products are much more than regular software with some fancy algorithms 
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added. They’re living systems that learn and change based on how people 
use them, often in ways that surprise even the people who built them.

Before diving deeper, let me clarify what I mean by “AI products.” I’m not 
talking about you, as a product manager or leader, using ChatGPT to write 
emails faster or create presentations. That’s helpful, but it’s not what this 
book covers. AI products are tools or services built to solve real problems 
for users and businesses by using AI techniques. These range from tradi-
tional machine learning, like Netflix suggesting what to watch next, to newer 
generative AI approaches, like Perplexity using natural language queries to 
provide answers to user questions.

AI Product Examples
The following examples solve meaningful problems for both users and busi-
nesses by leveraging AI technologies in ways that would be impossible to 
build or scale with traditional software approaches. 

•	 Spotify’s Daily Mix creates personalized playlists using machine learn-
ing to analyze your listening patterns. Instead of everyone getting the 
same recommendations, each user receives a unique set of songs they’re 
likely to enjoy. This solves the user problem of music discovery while 
increasing platform engagement and retention for Spotify.

•	 Chase’s fraud detection system analyzes transaction patterns in real 
time, instantly flagging suspicious activities and preventing billions in 
fraud annually. This protects users from unauthorized charges while sav-
ing financial institutions enormous amounts in fraud losses.

•	 Suno transforms simple text prompts into original music compositions, 
making music creation accessible to people without traditional musical 
training. This democratizes creative expression for users while creating a 
new product category with subscription revenue potential.

•	 Zapier’s AI Actions operates as an autonomous workflow agent that 
creates complex business automations from simple requests. When you 
say, “organize customer inquiries and follow up automatically,” it inde-
pendently identifies apps, designs workflows, sets conditional logic, 
and optimizes performance without guidance. This eliminates techni-
cal workflow complexity while expanding Zapier’s market beyond tech 
users, driving premium subscriptions. 
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Considering this definition, the following are not AI products:

•	 A quarterly sales dashboard that displays predefined metrics to users 
isn’t an AI product even if you occasionally use AI tools to help create the 
reports it generates.

•	 A basic e-commerce checkout system that calculates tax and shipping 
based on simple math calculations isn’t an AI product. It follows prede-
termined logic rather than learning from patterns in data.

Flavors of AI Products
Although there are multiple ways to categorize AI products, I do it based 
on the nature of what they do. Understanding these categories will help you 
grasp their capabilities and development needs and find the areas that you 
should focus on as an AI product leader.

Predictive: Forecasting Future Outcomes
Predictive AI products look at patterns from the past to guess what will 
happen in the future. These systems have been using machine learning 
techniques for many years. They need good historical data to work well. At 
Spotify, our recommendation system looked at billions of listening sessions 
to predict what music users would enjoy next.

Instead of saying “you will definitely like this,” predictive AI gives probabili-
ties. Our system would say “there’s a 78% chance you’ll enjoy this based on 
what we’ve seen before.” This means you need to design interfaces carefully 
so that users understand the uncertainty without becoming confused. Banks 
use predictive AI for better credit decisions, looking at hundreds of signals 
beyond just payment history. This supports more accurate predictions and 
might help people who couldn’t get credit before.

Success with predictive AI means finding problems where better predictions 
actually help, getting the right historical data, setting clear ways to mea-
sure accuracy, and designing good ways for people to work with uncertain 
predictions. Leaders need to invest heavily in data strategy and teach users 
about uncertainty, while building teams that can act on probable outcomes 
instead of demanding perfect certainty.
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Generative: Creating New Content
Generative AI products create new content that didn’t exist before, like text, 
images, music, code, or designs. Systems like ChatGPT and DALL-E have 
made these tools well known, showing a big change in what software can do 
by moving from just analyzing things to actually creating new things.

Unlike predictive systems, which look at existing information to forecast 
what might happen, generative AI creates something completely new from 
learned patterns. For example, generative AI can create podcast summaries 
to use when recommending audio to users for platforms like Spotify, Apple 
Music, and more.

The creative uses go far beyond just writing text. Architecture firms use 
generative design tools to explore thousands of building layouts based on 
site limits, environmental goals, and style preferences. Marketing agencies 
use text-to-image systems to quickly try out campaign ideas, going through 
visual concepts in minutes instead of days. Writing assistants help authors 
get past creative blocks while keeping their unique voice.

Note that generative systems are still probabilistic. Judging content quality is 
tricky and requires looking at technical quality, creative value, brand fit, and 
user happiness all at once. Leaders must deal with changing legal and ethical 
questions about who owns what, copyright, and originality while creat-
ing clear rules about proper use and creator rights. Success means building 
teams that understand both technical abilities and creative workflows.

Agentic: Making Autonomous Decisions
Agentic AI came into our lives a few years ago and is changing the technol-
ogy industry. These products can perceive, reason, act, and learn on their 
own. They can plan multiple steps, handle complex tasks, and work toward 
goals with very little human help, representing the cutting edge of AI.

These systems don’t just look at existing information or create new con-
tent. They actually do things in the real world with their own agenda. What 
makes them special is their ability to break down complex goals into action 
steps, do those steps in order, and change their approach based on real-
world feedback and changing situations.

In finance, instead of people manually doing routine tasks like expense 
reports, compliance checks, and financial analysis, companies can use AI 
agents to create these reports automatically. Customer service is another 
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powerful area where advanced chatbots can handle complex multi-step sup-
port problems, accessing multiple systems, looking at account information, 
processing refunds, and even working with shipping companies to solve 
customer problems from start to finish.

The independent nature of agentic AI creates unique challenges around 
responsibility, safety, and control. Unlike other AI types, where people 
usually review outputs before taking action, agentic AI systems often act on 
their own. Success requires strong monitoring to detect problems, halluci-
nations, and goals that are misaligned with human interests. Leaders must 
carefully design how humans and AI work together and ensure these agentic 
systems act in ways that are aligned with human goals.

Physical: Interacting with the Real World
Physical AI products work directly with the physical world through sensors, 
motors, and smart systems. They bridge the digital and physical worlds, 
letting AI see, understand, and change real-world environments in ways that 
software-only AI cannot do.

Warehouse automation shows physical AI’s power to transform operations. 
Modern shipping centers use robots that navigate complex spaces, identify 
and handle objects of different sizes and shapes, and work with human 
workers and other robots to make operations more efficient. Self-driving 
cars represent perhaps the most ambitious use, processing information from 
multiple sensors to understand complex traffic situations and make split-
second safety decisions.

Manufacturing and healthcare show additional opportunities to create 
value. Quality control systems can inspect products at speeds impossible for 
humans while staying consistently accurate. Surgical robots provide preci-
sion beyond human abilities, while rehabilitation devices adapt to patient 
progress and monitoring systems track vital signs to detect health changes 
before they become serious.

For physical products, integration challenges go beyond software engi-
neering to include mechanical design, sensors, control systems, and safety 
considerations unique to physical systems. Success requires building teams 
with different skills that understand both AI abilities and physical system 
limits. Leaders must deal with complex regulations, manage higher devel-
opment costs and longer timelines, and ensure strong safety measures for 
systems that can cause physical harm if they break.
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Unique Characteristics of AI Products
If you have been working on traditional software products, I have good 
news for you: You already have good user and business sense. You know the 
key techniques to understand user needs and prioritize the most important 
requirements, and you are familiar with UX research techniques. The chal-
lenge emerges when you tap into AI product development, as these products 
have unique characteristics that we haven’t seen before. At best, these char-
acteristics require us to learn new skills on top of what we already have. At 
worst, we need to unlearn years of experience and relearn new approaches 
for AI products, as our existing skills around traditional products won’t work 
in this new era.

I have captured the main differences between AI products and traditional 
products in the following pages. Understanding these differences helps 
AI product leaders to better plan, execute, and scale products and create 
delightful experiences for users.

AI Products Work on Probability, Not Rules
Traditional software products work in a predictable way. If you give them 
input A, they always give you output B. In my early days as an engineer, I 
wrote clear rules that told the system exactly what to do. Every piece of code 
had many if-else conditions that defined what would happen in each situa-
tion. It follows the formula Y = f(X), where the same input always produces 
the same output.

Imagine a pre-AI way of building recommendation systems. If you wanted 
to recommend a song to users, one approach would be writing a long list 
of if-else statements. “If the user is older than 35 and lives in New England 
and likes rock music, find all the rock songs played in New England by 
35+ year olds and show these songs in popularity order.” Every time a rock 
music user from Boston who was older than 35 used the product, they got 
the exact same list of songs. There was no variation, and there were no 
surprises. If someone came and asked us why user A gets this list, we could 
have looked into the code and seen exactly why user A saw that specific 
order of songs. The system was deterministic and easy to understand.

AI products work differently. Instead of following specific rules that engi-
neers write, AI systems learn patterns from large amounts of data and create 
outputs with different levels of confidence. The process flips around: instead 
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of having input X and rule F to get output Y, you now have many examples 
of X and Y, and the AI tries to figure out the best F that works most of 
the time.

When we moved Spotify to machine learning recommendations, our system 
could only say, “This song seems 95 percent similar to what the user has lis-
tened to in the past.” We never knew for certain whether a user would enjoy 
a particular song. Similarly, when ChatGPT answers your question, it’s not 
looking up a stored answer—it’s predicting the most likely words based on 
patterns it learned from training data. Sometimes it gives great answers, and 
other times it creates responses that sound good but are wrong.

This creates challenges for product leaders coming from a traditional soft-
ware product background. I often hear clients say, “We want an AI product, 
but it needs to work perfectly all the time.” This shows they don’t under-
stand how AI works. Unlike traditional software, where you can make things 
work perfectly through careful programming, AI systems are built to make 
mistakes and get better over time.

Moving from predictable thinking to probability-based thinking requires 
teams to change how they design interfaces, handle errors, and measure 
success. For product leaders, this means getting comfortable with uncer-
tainty while still creating reliable user experiences. Chapter 7, “Measuring 
Success in AI Products,” and Chapter 8, “Designing Exceptional AI User 
Experiences,” discuss how to measure success and how to create user experi-
ences for AI products, respectively.

AI Products Learn and Change from Data
This probability-based approach leads directly to another fundamental dif-
ference: traditional products are built primarily on code, while AI products 
are built on data. Once you launch traditional software, it behaves exactly as 
programmed until someone changes the code. AI products work differently. 
They respond and change based on the data they receive.

At Spotify, we processed billions of listening events every day to power 
recommendations. Every skip, every repeat, every song added to a playlist 
feeds into a large learning system. When you skip a song on Spotify, that 
action becomes data. When you replay a song three times, that’s also data. 
All these actions feed back into the system, helping it understand patterns 
and make better recommendations for you and other users with similar 
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tastes. This creates a cycle where more usage leads to better performance, 
which leads to happier users, which leads to more usage.

Here’s what happens when you don’t invest in data strategy properly. At 
Instagram Reels, we learned that no amount of smart programming could 
overcome problems in our training data. When we launched in new regions, 
our recommendations were poor because our models had been trained 
mainly on content from the United States and Western Europe. Only after 
we included diverse data from other markets did performance become 
much better.

The quality of the data is what makes AI product features work well. 
Poor-quality, unrepresentative, or biased data doesn’t just create bad user 
experiences; it can be harmful to your company and society. Consider this 
example: imagine you’re building a hiring tool that predicts which job can-
didates are likely to succeed. If you accidentally excluded data from women 
candidates in your training, then you’ve created a biased product that clas-
sifies women as unfit every time they apply for jobs. You’ve now created 
an unethical product that discriminates. It’s also a poor business outcome 
because you miss out on talented people.

It’s important for product leaders to consider the data from day one of your 
product. You can’t decide to add AI features later without the right data 
foundation. Understanding that AI products are fundamentally data-driven 
rather than code-driven helps product leaders make better decisions about 
what to build, how to build it, and how to compete in AI-powered markets. 
Chapter 6, “Building the AI Model,” goes into the details of building a suc-
cessful data strategy.

AI Products Never Stop Changing
Because AI products learn from data, they behave differently over time in 
ways that can surprise both users and product teams. Traditional software 
stays the same until planned updates. Users learn workflows that remain 
stable, creating predictable interactions on which they can rely.

AI products fundamentally disrupt this expectation by growing, evolving, 
and sometimes developing in unexpected ways without any code changes. 
At Spotify, our recommendation system began surfacing obscure music 
genres we’d never programmed it to recognize. The system learned to iden-
tify microgenres like “Swedish reggaeton” or “sad girl bedroom pop” purely 
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from user behavior patterns. These weren’t categories we had defined—they 
emerged from the AI’s analysis of how users grouped and responded to dif-
ferent songs.

These changing behaviors create unique user experience challenges. Users 
must accept that their favorite app might behave differently tomorrow, not 
because of a planned update but because the AI has learned new patterns. 
And based on my experience, many users prefer predictability over opti-
mization. They’d rather have consistently good recommendations than 
occasionally great ones mixed with occasional poor ones.

This also creates challenges for development teams. Product behavior could 
drift from original intent without anyone noticing. At Spotify, we sometimes 
discovered that our recommendation algorithm had started favoring certain 
types of content not because we programmed it to but because it learned 
patterns from user behavior that we hadn’t anticipated. Chapter 7 will give 
you tools and frameworks to use for monitoring your AI product behaviors 
over time and catching unintended behaviors.

AI Products Need Continuous Development
These constantly changing behaviors mean that AI product development 
requires a completely different approach. Traditional product development 
follows a well-established process: gather requirements, design solutions, 
write code, test, and deploy. I used to write pages of product requirement 
documents (PRDs), spend days perfecting them, and then pass them to the 
engineering team. The process was linear and predictable, which means 
once we agreed on what to build, the path forward was clear.

AI product development requires constant testing and iteration because 
you can’t fully specify the solution upfront. You don’t know what patterns 
the AI will discover in your data. Consider how this plays out with genera-
tive AI products. When OpenAI developed ChatGPT, they couldn’t specify 
exactly how it would respond to every possible question. Instead, they 
trained the model on vast amounts of text, and then tested it extensively 
to understand its capabilities and limitations. And this process is circular 
rather than straight-line. Open AI keeps collecting feedback and iterating on 
the product.

With AI products, you’re never really “done.” AI products evolve continu-
ously, sometimes changing behavior without any code deployments simply 
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because they’ve learned from new data. If AI has problems, you might need 
to collect entirely new datasets, retrain models from scratch, or redesign 
your entire data pipeline. A bug in traditional software might be fixed in 
hours or days, while improving an AI model might take weeks or months.

AI Products Are Harder to Measure
This evolving nature means that AI products require much more complex 
measurement approaches that can confuse teams accustomed to traditional 
metrics. Traditional products have clear, simple success metrics: Uptime 
should be 99.9%; response time should be under 200 milliseconds. These 
metrics are binary: Either you hit them or you don’t.

AI products require working with distributions and tradeoffs that need 
careful interpretation. Success is not all or none. It exists on a spectrum that 
varies across different user groups, use cases, and contexts. For example, 
precision and recall metrics represent a fundamental tradeoff in AI systems. 
You can’t optimize both simultaneously—to catch more problems, you might 
flag more false positives; to avoid false alarms, you might miss real issues.

For medical diagnosis AI, high recall is crucial because missing a disease 
could be fatal, and you want to detect every possible case even if it means 
some false alarms. For content recommendations, high precision might be 
more important, because showing irrelevant content annoys users, even if it 
means missing some content they might like.

Generative AI products introduce even more complex measurement chal-
lenges. How do you measure the quality of text generated by ChatGPT or 
images created by DALL-E? Traditional metrics don’t capture creativity, 
relevance, or usefulness in meaningful ways.

AI success can’t be captured by single metrics or simple thresholds. Leaders 
need to develop skills for interpreting complex, multidimensional perfor-
mance data that reveals not just whether AI is working but how well it’s 
serving different users in different contexts. Chapter 7 digs deeper into 
the AI model and product success measurement, covering both statistical 
aspects and behavioral measurements.
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AI Products Are Harder to Explain
When traditional software fails, we can trace through code line by line to 
find the exact bug. When an AI product makes a poor recommendation, the 
explanation might involve millions of parameters, complex feature interac-
tions, and probabilistic decisions that no one can easily understand.

At Instagram, we constantly had to explain to creators why their content 
wasn’t being recommended. In the rule-based systems, we could point to 
specific factors: “Your hashtags weren’t trending,” “You posted at the wrong 
time,” or “Your content didn’t match the interests of your followers.” These 
explanations would be clear and actionable and help creators understand 
how to improve their content strategy.

However with AI, the answer was frustratingly complex: “The model 
considers hundreds of factors including historical engagement patterns, 
content similarity vectors, user preference clusters, seasonal trends, tem-
poral dynamics, cross-platform behavior signals, and audio-visual content 
analysis, all weighted through a deep neural network that processes infor-
mation in ways we can’t easily interpret.” This explanation, while technically 
accurate, provided little actionable insight for creators.

Generative AI products introduce even more complex explainability chal-
lenges because they create entirely new content rather than just making 
classification or recommendation decisions. When ChatGPT generates a 
response to your question, explaining why it chose those specific words 
becomes nearly impossible. Similarly, when ChatGPT claims that the Eiffel 
Tower is in London, you can’t simply point to a specific piece of training 
data that caused this error.

Product leaders must make explainability a core product requirement from 
the start. This means building user-facing interfaces that show key deci-
sion factors, technical tools for debugging and bias detection, compliance 
documentation that shows transparent processes, and monitoring systems 
that detect when AI behavior changes. The goal isn’t to make every AI model 
completely explainable, which is often impossible, but to provide the right 
level of transparency that enables trust and allows continuous improvement. 
Chapter 8, “Designing Exceptional AI User Experiences,” will cover some 
of the best practices to create products that are explainable to your users, 
stakeholders, and legal authorities if needed.
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AI Products Involve More People
AI products involve a dramatically broader range of stakeholders than does 
traditional product development. While traditional products might need 
input from engineering, design, product management, and business teams, 
AI products add layers of complexity that demand expertise from specialists 
who barely existed in most organizations just a few years ago.

The technical stakeholder landscape expands dramatically. Data scien-
tists care about model performance and statistical rigor, often pushing for 
complexity that software engineers resist. Machine learning engineers focus 
on making models work reliably in production. Infrastructure teams face 
unprecedented challenges as AI products can have exponential compute 
requirements

The business stakeholder landscape is also complex. Legal teams navigate 
evolving AI regulations that vary dramatically across jurisdictions. Ethics 
boards, a stakeholder group that rarely existed for traditional products, 
scrutinize everything from training data composition to algorithmic bias. 
Security and privacy engineers must address novel challenges including 
adversarial attacks and model inversion risks.

Coordinating these diverse stakeholders requires different skills than 
does traditional product management. Leaders must translate between 
technical and non-technical stakeholders, who often have fundamental 
misunderstandings about each other’s work. Decision-making becomes 
more complex, as technical, ethical, legal, and business considerations often 
conflict. Timeline management becomes challenging because AI develop-
ment involves research-like activities with uncertain outcomes. Chapter 10, 
“Building AI-Ready Organizations,” will discuss how you can create an 
AI-ready organization and work effectively with stakeholders with diverse 
backgrounds.

AI Products Create New Types of Risks
AI products introduce categories of risk that simply don’t exist in traditional 
software. These risks go beyond typical concerns like system crashes, secu-
rity breaches, or feature bugs. They involve fundamental questions about 
fairness, human agency, and societal impact that traditional software rarely 
grapples with.
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Algorithmic bias represents one of the most serious risks because it can 
amplify societal inequalities at unprecedented scale. Imagine that a recom-
mendation algorithm is showing different content distributions to users 
based on inferred demographics. What started as personalization becomes 
discrimination. The system learns patterns from historical data reflect-
ing existing societal biases, and then amplifies these through automated 
recommendations.

Privacy violations take on new dimensions when AI infers sensitive infor-
mation from seemingly harmless data. For example, your models can predict 
user attributes you never explicitly collected, like emotional states, relation-
ship status, political preferences, and even health conditions based on usage 
patterns. This creates ethical dilemmas about what inferences were appro-
priate to use.

Adversarial attacks present unique challenges where malicious actors 
manipulate AI behavior in subtle ways. At Instagram, we discovered coordi-
nated attempts to game our recommendation systems through networks of 
fake accounts interacting with content in patterns designed to trick algo-
rithms. Similarly, GenAI faces “prompt injection” attacks where users craft 
inputs to make AI behave unintentionally, like tricking customer service 
chatbots into revealing internal information.

Unintended consequences multiply when AI systems optimize for specific 
metrics without understanding broader context. In ML products, engage-
ment optimization can promote controversial content because controversy 
drives interactions. Or, GenAI tools might gradually make communication 
styles more similar as people adopt AI-suggested phrases, potentially reduc-
ing creative diversity across industries.

These risks require fundamentally different management approaches than 
do traditional products. Teams must implement algorithmic fairness moni-
toring, establish ethics review processes, develop attack detection systems, 
and create governance frameworks that balance optimization metrics with 
social responsibility.

AI Products Work Best as Human Partners
One of the most persistent misconceptions about AI products is that 
they’re designed to replace human capabilities entirely. Through my experi-
ence building AI systems at scale, I’ve learned that the most successful AI 
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products augment and enhance human abilities rather than attempting to 
substitute for human judgment, creativity, or decision-making.

At Spotify, our recommendation algorithms didn’t replace human music 
curation; they amplified it. Our editorial teams continued creating playlists 
and identifying emerging trends, but AI helped them reach millions of users 
with personalized variations of their musical insights. The same recommen-
dation capabilities also helped users during their playlist curation. By using 
AI, our users discovered new songs that they could add to their playlist. The 
combination of human taste, knowledge, and experience and AI’s pattern 
recognition capabilities created experiences that neither could achieve alone.

The augmentation model works because humans and AI have complemen-
tary strengths. Humans excel at contextual understanding, creative leaps, 
ethical reasoning, and adapting to novel situations. AI systems excel at pat-
tern recognition, processing large datasets, consistent execution, and rapid 
iteration. Combining these capabilities creates more powerful solutions than 
either could produce independently.

The augmentation approach also builds user trust more effectively than do 
replacement strategies. Users feel more comfortable with AI systems that 
enhance their capabilities rather than make decisions for them. They main-
tain agency and control while benefiting from AI assistance, creating more 
sustainable adoption patterns.

AI Products Get Better with Scale
Finally, AI products have an endless appetite for scale that fundamentally 
changes how we think about product economics and competitive advantage. 
Having more data, more compute, more users creates benefits that com-
pound in ways unlike anything in traditional software development.

Traditional products can function perfectly well with minimal data. A word 
processor doesn’t need to know how millions of users write to work cor-
rectly. AI products are fundamentally different. Reels’ recommendation 
system needed millions of plays before it could make decent suggestions that 
felt truly personalized. Early versions of our recommendation systems for 
Reels were frankly not great, suggesting random videos with little connec-
tion to user preferences. Only after accumulating hundreds of millions of 
sessions did patterns become clear enough for meaningful connections.
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GenAI tools demonstrate this scaling requirement even more dramatically. 
ChatGPT required training on hundreds of billions of words from books, 
articles, and web pages before generating coherent responses. GitHub 
Copilot needed millions of code repositories to understand programming 
patterns and suggest relevant completions. The quality difference between 
models trained on millions versus thousands of examples is often the differ-
ence between impressive and barely usable.

Additionally, user scale creates in AI products network effects that don’t 
exist in traditional software. More users generate more data, which improves 
models, which attracts more users, creating cycles that can lead to winner-
take-all market dynamics. We saw this dramatically at Instagram, where 
recommendations improved noticeably as our user base grew. Each new 
user contributed watching data, helping the system understand taste pat-
terns, seasonal trends, and cultural preferences. Chapter 6 gets into the 
details of how to create data moats and feedback loops for your products.

Scale creates defensive advantages that are nearly impossible for competitors 
to overcome. Once an AI product reaches sufficient scale, new entrants face 
a problem: They need users to generate the data required to build competi-
tive AI, but they need competitive AI to attract users. Google’s long-time 
search dominance exemplifies this dynamic, where every search query pro-
vides feedback that improves results quality, making Google more attractive 
to users.

For AI product leaders, understanding these scaling dynamics becomes 
crucial for strategic decision-making. The companies that succeed with AI 
are often those that recognize scale requirements early, invest appropri-
ately in data collection and infrastructure, and design products that create 
feedback loops between users, data, and model performance. Chapter 2, 
“Understanding AI,” and Chapter 9, “Scaling AI Products,” cover these archi-
tectural needs in more detail.

Beyond Algorithm: The Full AI Product Stack
One of the biggest misconceptions I encounter is that AI products are 
just AI models. The reality is far more complex. The model is merely one 
component in an intricate ecosystem that requires careful orchestration 
across multiple technical layers, user experience considerations, and failure 
management strategies, and each is as crucial as the algorithm itself.
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Consider Instagram Reels. We needed a sophisticated ranking algorithm, but 
that was just the beginning. We had to optimize content delivery networks 
to serve videos globally with sub-100ms latency. The user interface needed 
to respond instantly to swipes while preloading content predictively. Creator 
tools had to surface AI insights in intuitive ways. Feedback mechanisms 
needed to capture nuanced signals without interrupting the user experience.

The infrastructure challenges alone were staggering. We built systems that 
could handle billions of requests daily, each requiring real-time feature 
computation, model inference, and decision-making. The data pipelines 
processed petabytes of information, transforming raw user interactions into 
training data for our models. Every layer of this stack presented unique chal-
lenges and opportunities for innovation.

User experience design becomes exponentially more complex with AI 
products. Unlike traditional interfaces with predictable outputs, AI inter-
faces must communicate uncertainty, provide appropriate explanations for 
decisions, and gracefully handle the probabilistic nature of AI systems. We 
had to design loading states that managed user expectations during model 
inference, create intuitive ways for users to provide feedback that improved 
recommendations, and build transparency features that explained why cer-
tain content appeared without overwhelming users with technical details.

Fallback strategies prove essential because AI systems fail differently than 
traditional software does. When our recommendation models experienced 
issues, we couldn’t simply show error messages—users expected to see 
content regardless of the technical issues. Therefore, we built multilayered 
fallback systems: If personalized recommendations failed, we served popu-
lar content from similar users; if that failed, we showed trending content; if 
all else failed, we displayed curated editorial content. Each fallback main-
tained user experience while buying time for system recovery.

Think about ChatGPT’s success. While the language model garners atten-
tion, the full stack includes distributed serving infrastructure handling 
millions of concurrent conversations, sophisticated content filtering systems 
preventing harmful outputs, user interface design managing conversation 
flows elegantly, graceful degradation when models are overloaded, and con-
tinuous monitoring systems detecting performance issues. The conversation 
interface handles model delays, provides typing indicators during process-
ing, and offers alternative suggestions when responses seem incomplete.
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For AI product leaders, this complexity means building teams with diverse 
expertise beyond data science, including infrastructure engineers who 
understand GPU optimization, UX designers who can craft interfaces for 
probabilistic systems, frontend developers who can implement graceful 
loading states and fallback experiences, security specialists who understand 
AI-specific vulnerabilities, and machine learning or GenAI operations 
(MLOps or GenAI Ops) engineers who can manage complex ML pipelines 
with appropriate monitoring and recovery procedures. Success requires 
treating AI as a full-stack challenge rather than simply an algorithmic 
problem.

That’s why each chapter in this book will cover these aspects in more detail 
to help you navigate the end-to-end AI product development process, not 
just model development. As leaders, our goal is to build a product that deliv-
ers the maximum value to our users and business by considering each aspect 
of the development process and understanding the tradeoffs we’re making in 
each step. In the next section, we’ll cover the role and responsibilities of AI 
product leaders to accomplish this ambitious goal. 

The Strategic AI Product Leader:  
Roles and Responsibilities

In the early ideation of this book, the focus was only on product manage-
ment leaders. However, as I iterated on the idea, one thing became clear. 
Anyone who is part of the AI product development journey can be thought 
of as an AI product leader I refer to in this book. You can be an engineering 
manager who is accountable for delivery, a product manager who is respon-
sible for strategy and roadmap, or a data science lead.

In fact, this is what I have experienced in successful product teams. The 
functional leads work effectively, and all leaders share the responsibilities. 
In all my leadership experiences, I have had a strong engineering lead who 
helped me define product strategy, and I partnered with them to improve 
our delivery.

Over the years, as I transitioned from engineering to product and eventu-
ally to heading entire product and engineering, I discovered that AI product 
leadership changes traditional product leadership in fundamental ways. It 
demands a unique blend of technical acumen, strategic thinking, and organi-
zational leadership that few roles require in such measure.
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The Multifaceted Nature of AI Product Leadership
Traditional product managers focus mainly on user needs and business 
requirements, serving as the bridge between customers and engineering 
teams. It’s a well-understood role with clear boundaries. AI product leaders, 
however, must navigate a much more complex ecosystem that spans tech-
nology, data, ethics, and organizational transformation.

In my experience as an AI product leader, I would start my day with a tech-
nical deep-dive on model architecture with data scientists, shift to a strategy 
session with executives about competitive positioning, pivot to moderating 
an ethics review about algorithmic bias, and end by presenting to the legal 
team about data privacy implications. Each context required a different 
perspective, vocabulary, and decision-making framework.

You need enough technical depth to meaningfully contribute to architectural 
decisions without getting lost in implementation details. You must under-
stand data science well enough to challenge assumptions and guide tradeoffs. 
You must be able to justify multimillion-dollar infrastructure investments 
with uncertain returns. And perhaps most challenging, you need the leader-
ship skills to guide teams through uncertainty and constant change.

Therefore, every organization today requires strong AI product leaders who 
can help navigate the complexity of building successful AI products that will 
set the company apart from its competition. Although this has been the case 
for many years with machine learning-powered products dominating the 
product scene, it became even more important with the increased awareness 
and demand for generative AI-powered products.

Based on my conversations with hundreds of companies, it is clear that 
today the biggest risk for companies is investing in AI technologies without 
clear user and business benefits. At the root of this is the lack of strategic AI 
product leaders who understand user and business needs and AI opportu-
nities and deliver solutions that benefit both users and the business while 
being technically feasible.

For every successful AI product story, there is an AI product leader who 
demonstrates these characteristics.



Chapter 1: Understanding Strategic AI Product Leadership  23

Strategic AI Product Leaders  
Provide Clear Vision and Strategy
The first and perhaps most crucial responsibility of an AI product leader is 
crafting a compelling vision that aligns technological possibilities with busi-
ness objectives and user needs. This isn’t about writing inspiring mission 
statements; it’s about creating a realistic path through an uncertain landscape.

When I joined Spotify’s personalization team, the vision seemed obvious: 
Recommend music users would love. But the strategic complexity beneath 
this simple goal was staggering. Should we optimize for discovery of new 
music or comfort of familiar songs? How do we balance artists’ needs for 
reach and growth with user preferences? What role should human curation 
play alongside algorithmic recommendations?

Developing the strategic roadmap required understanding not just what 
was technically possible but what was organizationally feasible. We had 
to sequence capabilities carefully: building foundational data infrastruc-
ture before advanced modeling, establishing trust through transparency 
before pushing algorithmic boundaries, and creating feedback loops before 
scaling broadly.

I found that effective AI vision-setting requires a unique combination of 
optimism and pragmatism. You must paint an inspiring picture of what’s 
possible while acknowledging the messy realities of data quality, techni-
cal debt, and organizational inertia. The best AI strategies I’ve developed 
started with ambitious end states but included realistic intermediate mile-
stones that built momentum and demonstrated real value.

Strategic AI Product Leaders Own the Data Strategy
Building on this strategic foundation, data becomes the lifeblood of AI 
products. Orchestrating an effective data strategy became one of my most 
crucial responsibilities. This goes far beyond traditional analytics or busi-
ness intelligence. It’s about treating data as a strategic asset that needs careful 
management.

Data strategy encompasses multiple dimensions. First, there’s the ques-
tion of what data to collect. At Spotify, we needed to capture nuanced user 
interactions. Not just likes, but scroll velocity, replay behavior, and audio-on 
rates. We also needed to consider how we could create signals that could 
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give us data about users that we didn’t have before. Each signal required 
careful consideration of privacy implications, storage costs, and engineering 
complexity.

Then comes data quality. AI systems are “garbage in, garbage out.” We often 
spend months cleaning historical data, establishing quality metrics, and 
building automated validation systems. I learned that investing in data qual-
ity early pays exponential dividends as systems scale.

Data governance presents another layer of complexity. Who owns what 
data? How do we ensure privacy and compliance? What retention policies 
balance model improvement with user rights? These questions required 
close collaboration with legal, security, and privacy teams.

Perhaps most strategically, I had to think about data as a competitive moat. 
What unique data could we collect that competitors couldn’t? How could we 
structure data partnerships that created mutual value? How do we balance 
data sharing for ecosystem benefit with protecting competitive advantages? 
These strategic questions often determined product success more than 
algorithms did.

Strategic AI Product Leaders Are Translators
With strategy and data foundation in place, AI product leaders must bridge 
the communication gap between diverse stakeholders. Although AI product 
leaders don’t need to implement neural networks, we must speak the lan-
guage of data scientists, engineers, and business stakeholders fluently. This 
translation capability became one of my most valuable skills.

I remember a meeting where our data science team proposed a complex 
deep learning architecture for music recommendation. The approach was 
technically superior to what we already had but would require significant 
infrastructure investment and ongoing maintenance. Meanwhile, the busi-
ness team pushed for quick wins to show quarterly progress. Engineering 
worried about system reliability and technical debt.

My role was to facilitate a productive conversation across these perspectives. 
I translated the data science innovation into business impact projections. I 
helped engineers understand why certain model complexities were neces-
sary for competitive advantage. I worked with the business team to identify 
early wins that wouldn’t compromise long-term architecture. Finding these 
bridges between different domains became my daily exercise.
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The technical fluency required goes beyond vocabulary. You need to under-
stand fundamental tradeoffs: when deep learning justifies its complexity 
versus when simple heuristics suffice; how model size impacts serving costs; 
why certain data patterns for a use case are more suitable for AI solutions 
than the others. This knowledge comes only through hands-on experience 
and constant learning.

Strategic AI Product Leaders Treat Fairness  
and Ethics as Core Requirements
Ensuring that AI products are ethical and fair isn’t just about avoiding nega-
tive headlines; it’s about building systems that genuinely serve all users 
equitably while advancing business objectives.

Imagine if TikTok’s algorithm were inadvertently creating “beauty filter 
bubbles,” showing users increasingly narrow definitions of attractiveness 
that could impact self-esteem, especially among young users. The business 
metrics might look great, but the societal implications could be troubling.

AI product leaders need to establish new success metrics that capture 
diversity, bias, and fairness factors. They need to create review processes 
that include perspectives from psychologists and sociologists, not just 
engineers. They need to implement fairness constraints that sometimes 
reduce short-term engagement but improve long-term user well-being and 
product success.

I learned that ethical AI leadership requires constant vigilance. Bias can 
creep in through training data, objective functions, or even the composi-
tion of the teams building the systems. Regular audits became essential, as 
did creating safe spaces for team members to raise concerns without fear of 
slowing progress.

Strategic AI Product Leaders Are Innovation Catalysts
Unfortunately, most AI product leaders today focus on making business 
sense of executive excitement. But we must also push for innovation when 
there is an executive resistance.

AI research moves very fast. New papers come out daily, startups try new 
approaches, and breakthrough techniques keep changing what’s possible. 
Staying up to date while keeping products stable requires careful innovation 
management.
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Several ways worked for me in the past to encourage innovation while man-
aging risk. One was separating innovation work and not attaching it to an 
immediate business impact. That freed up the team from myopically looking 
at short-term metrics to deliver incremental features. Second was working 
with researchers, whether internal or external, to brainstorm their product 
ideas and create a path for these ideas to become prototypes first, which led 
to small tests and then slow rollouts to all users. This step-by-step approach 
lets us try bold ideas while controlling risk. Some of my biggest wins started 
as ideas that seemed impossible.

Strategic AI Product Leaders Drive  
Organizational Change
Innovation efforts naturally lead to the most challenging aspect of AI prod-
uct leadership: driving organizational change. Good AI products require 
companies to work differently, and leading this change feels like fixing a 
plane while it’s flying.

First, you need to change the structure of the team for AI work. At Spotify, 
we needed data scientists working with product teams, tech engineers work-
ing closely with AI researchers, and content writers working with algorithm 
developers. Creating these mixed teams while keeping people accountable 
required careful changes.

Second, changing company culture proved harder than changing struc-
ture. Moving from gut feelings to data-based decisions threatens existing 
power. Senior leaders who built careers on instincts suddenly must back up 
decisions with data. The probabilistic nature of AI also makes it harder for 
stakeholders to understand. For example, it’s very likely that a product may 
not work for one of your executives while it works for the rest of the user 
base, and you need to explain this clearly to your executive. In my experi-
ence, I learned that successful change required patience, understanding, 
constant talk about why these changes mattered, and good education.

That’s why teaching AI basics across the company is essential. In every 
company I joined, I created training for different roles: “AI for Executives,” 
“Data Thinking for Designers,” “ML Basics for Product Managers.” The goal 
was not to make everyone a data scientist but to help everyone understand 
enough to work together well. Today at Strategic AI Leadership, I run these 
trainings at hundreds of companies facing similar changes and needing help.
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The Evolution of the Role
As organizations adapt to these changes, and as technology becomes bet-
ter, the AI product leader role keeps changing. When I started, we mainly 
worked on supervised learning tasks like recommendation systems, sorting 
content, and ranking algorithms. The job was mostly about managing sys-
tems where humans and AI worked together, with AI helping people make 
better decisions.

Today, with large language models and generative AI, the role has grown 
much bigger. We’re not just making existing processes better but creat-
ing completely new types of products. The questions have changed from 
“How can AI improve this?” to “What can we do now for our users that we 
couldn’t do before?” We’re building products that can write, create images, 
and have conversations in ways that seemed impossible just a few years ago.

Looking ahead, I see the role changing even more. As AI systems become 
more independent, product leaders will guide AI agents instead of managing 
individual features. Governments will try to catch up and create regulations, 
and following these regulations and managing risks will take up more of 
our time. As multi-agent systems act independently, we’ll face big questions 
about how humans and AI should work together and what this means for 
users, products, jobs, and society.

The role is also becoming more strategic. We’re not just implementing AI 
features but deciding which AI capabilities should be built and how they fit 
into broader business goals. This requires understanding what’s technically 
possible and what customers actually need.

Your AI Leadership Capability
Growing as an AI product leader means learning in several different areas at 
once. You need enough technical knowledge to have real conversations with 
engineering teams. You don’t need to write code, but you should understand 
how much it costs to train and run AI models and why some AI markets end 
up with only one big winner.

Leading AI teams is different from leading other teams. You’ll manage people 
with very different backgrounds, from research scientists to business ana-
lysts. You need to communicate differently depending on who you’re talking 
with. You also need to be comfortable with uncertainty because AI moves so 
fast that nobody has all the answers.
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Staying connected to the AI community helps you learn faster. Going to con-
ferences shows you the latest research and real success stories from other 
companies. Talking with people about ethics gives you different perspectives 
on building AI responsibly. Contributing to open source projects shows you 
how things actually work in practice. Building relationships with other AI 
leaders gives you people to talk through common problems with.

Reading research papers helps you spot trends early, even if you don’t 
understand every technical detail. Following what AI companies release 
teaches you about different approaches to similar problems. Most impor-
tantly, try new AI tools yourself so you understand firsthand what works 
and what doesn’t.

Why Does Strategic AI Product  
Leadership Matter? 

A year ago, the CEO of a company (who then became my client) emailed 
me with a concern for his company. You could sense the panic in his writing 
tone. Their largest competitor had just announced an AI feature that made 
their core product look outdated overnight. The CEO explained they had 
the same data, similar engineering talent, and comparable resources. The 
difference? Their competitor had committed to strategic AI product leader-
ship two years earlier while this company had treated AI as just another 
feature to bolt onto their existing product.

This scenario perfectly illustrates today’s business landscape. Companies 
with strong AI product leadership consistently outperform their peers by 
margins that reshape entire industries, while those without it find them-
selves constantly playing catch-up in a game where the rules change faster 
than they can adapt. They become stronger over time and become very 
hard for competitors to beat, while companies that fall behind become 
decreasingly relevant.

It Creates Competitive Edge
Unlike traditional technology shifts that take years to unfold, strategically 
leveraging AI creates competitive advantages that can disrupt established 
markets almost instantly. TikTok’s AI-first approach didn’t gradually chip 
away at established social media platforms. It fundamentally changed 
user expectations about content discovery in less than two years. Their 
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recommendation algorithm forced every other platform to rebuild their core 
systems or lose users.

While Google is still the market leader in search, products like ChatGPT 
and Perplexity are increasingly threatening Google’s dominance. ChatGPT 
also changed how people write, research, and solve problems within 
months of its release. Students use it to brainstorm essay topics, marketers 
generate campaign ideas, and programmers debug code. These aren’t just 
productivity improvements, they represent fundamental shifts in how entire 
professions work.

When recommendation systems first appeared, having any personalization 
gave companies an edge for years. Today, users expect AI-powered experi-
ences as basic requirements. Tomorrow, they’ll demand AI that anticipates 
their needs before they even ask.

Strategic AI product leaders help companies navigate this disruption by 
recognizing opportunities before they become obvious to everyone else. 
Rather than waiting for disruption to happen to them, they position their 
companies to be the disruptors. They create the vision and roadmap that 
turns new AI possibilities into products that reshape user expectations and 
force competitors to play catch-up.

It Strengthens the Competitive Positioning
Once AI companies establish market position, they build advantages that 
compound exponentially through powerful feedback loops that competitors 
cannot match. Every user interaction generates training data that improves 
the AI, which creates better experiences, which attracts more users, generat-
ing even more data.

OpenAI demonstrates this perfectly. Every conversation with ChatGPT 
helps improve the model’s understanding of human communication 
patterns. When millions of users interact with the system daily, the accu-
mulated learning creates a massive advantage. New competitors face an 
impossible challenge: They need users to generate the data required to build 
competitive AI, but they need competitive AI to attract users.

Spotify leveraged this same dynamic in music streaming. Every song skip, 
replay, and playlist addition taught their recommendation system about user 
preferences. As their user base grew to hundreds of millions, their under-
standing of music taste became incredibly sophisticated. They could identify 



30  Part 1: Foundations for AI Product Leadership

micro-genres, predict seasonal trends, and understand cultural preferences 
across regions. New music streaming services couldn’t match this depth of 
understanding because they lacked years of user interaction data.

The talent is another competitive advantage for companies. The world’s 
best AI researchers want to work at companies like OpenAI, Anthropic, 
and Google because of their breakthrough results and ambitious visions. 
Product managers spend money to practice for these companies’ interviews. 
Ultimately this better talent builds better products, which attract more users 
and generates more data, strengthening the cycle.

Strategic AI product leaders design and build these feedback loops from day 
one. They understand how to structure data collection to maximize learn-
ing and create user experiences that generate valuable training signals. They 
recognize which data will become most valuable over time and make the 
infrastructure investments needed to capture and use it effectively. They 
invest in the right talent, knowing they will build better products. Without 
this strategic thinking, companies end up with lots of data but no sustainable 
competitive moat.

It Accelerates Innovation
Strategic AI leadership accelerates innovation velocity. People who under-
stand the importance of rapid iteration and testing to generate valuable 
solutions help companies to test new approaches with millions of users within 
hours, learn from real-world feedback, and deploy improvements daily.

Netflix runs thousands of experiments simultaneously, testing different 
algorithms, interface designs, and content presentation methods. Their AI 
systems can identify what works for different user segments and automati-
cally optimize experiences. Traditional media companies often take months 
to implement changes that Netflix deploys automatically.

Strategic AI product leaders build the foundation that makes rapid innova-
tion possible. They create experimentation frameworks that allow teams to 
test ideas quickly while maintaining product quality and user trust. They 
establish the data infrastructure needed to measure results accurately and 
the organizational processes to act on learnings fast. Most importantly, 
they know how to balance innovation speed with responsible development, 
ensuring rapid iteration doesn’t create technical debt or user harm.
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It Reduces Risks for the Business
As I mentioned earlier, AI introduces entirely new categories of risk that 
can destroy companies if not managed properly. These risks accumulate dif-
ferently and more dangerously than traditional software problems, making 
strategic oversight essential for survival.

Ethical risks represent the most dangerous category because they can 
destroy trust instantly and permanently. When Facebook’s content rec-
ommendation algorithms were optimized for engagement in ways that 
promoted divisive content, the resulting backlash damaged their reputation 
and led to regulatory scrutiny that continues today.

Strategic AI product leaders turn risk management from a defensive 
necessity into a competitive advantage. They build ethics and safety con-
siderations into development processes from the beginning, preventing 
problems rather than reacting to them. They establish monitoring systems 
that detect issues early and address them quickly. This proactive approach 
not only prevents catastrophic failures but also builds the trust with users 
and regulators that is essential for long-term success.

It Drives Effective Organizational Change
Successful AI implementation requires cultural transformation that goes 
far beyond adding new technology. Traditional organizations operate on 
intuition and hierarchy, while AI-powered organizations require data-driven 
decision-making and experimentation mindsets. This cultural shift chal-
lenges established power structures when decades of executive experience 
becomes less valuable than a junior analyst’s A/B test results.

Strategic AI leaders navigate these transitions by fundamentally changing 
how organizations operate. They design new processes that balance data-
driven decisions with human judgment, create incentive systems that reward 
experimentation and learning, and build education programs that help 
everyone understand how to work effectively with AI systems. They model 
the behaviors they want to see throughout the organization, showing how to 
combine human creativity with AI capabilities.
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It Creates New Economic Opportunities
The financial impact of strategic AI product leadership shows up dramati-
cally in market valuations and in business performance that fundamentally 
changes competitive dynamics across industries.

User engagement transforms completely when AI products succeed. 
OpenAI’s ChatGPT didn’t just gain users—it created entirely new usage 
patterns where people integrate AI into daily workflows. These AI products 
create sticky experiences through personalization that makes switching costs 
extremely high.

Operational efficiency gains often surprise even optimistic projections. 
Traditional products scale linearly with users, meaning that more customers 
typically means proportionally more support staff and marketing spend. AI 
products can scale exponentially. Customer support through AI chat means 
better service at dramatically lower cost. Automated content generation 
scales to millions of pieces while maintaining quality.

Microsoft demonstrates this financial transformation through their AI 
investments. Their partnership with OpenAI and their integration of AI 
capabilities across their product suite has driven significant revenue growth. 
Their Office 365 Copilot features come with premium pricing because they 
provide additional value to users.

Strategic AI product leaders identify and capture the new economic 
opportunities that AI creates. They understand how AI can transform unit 
economics and recognize when AI capabilities can support premium pricing 
by delivering genuine user value. They create business models that capitalize 
on the value that AI delivers to users. 

It Prepares the Business for the Future
Strategic AI product leadership has become essential for organizational 
survival because technology shifts now happen with increasing frequency, 
and AI advancement shows no signs of slowing down. When deep learn-
ing transformed AI capabilities, and then large language models reshaped 
possibilities again, organizations with strategic AI leadership navigated 
these transitions smoothly because they had built learning cultures, flexible 
systems, and adaptive teams.
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Strategic AI leaders develop early warning systems for technological threats 
by maintaining relationships with research communities and creating 
innovation labs that explore emerging capabilities before they become main-
stream. Google’s AI research division consistently publishes breakthrough 
papers that inform their product strategy years before competitors under-
stand the implications.

Final Thought: Every Organization Needs 
Strategic AI Product Leaders

Strategic AI product leadership has become the defining differentiator 
between organizations that thrive and those that merely survive. The choice 
facing every organization is a difficult but clear one. 

Organizations that treat AI as just another technical capability, managed 
through traditional product processes, face inevitable decline. Similarly, 
organizations who jump into every AI trend without understanding the real 
user and business value and what it takes to build those products will waste 
their money and will put their business at risk. They’ll accumulate technical 
debt and lose talent and money. They will face disruption from competitors 
who took AI product leadership seriously and made strategic investments.

Conversely, organizations that embrace strategic AI product leadership 
position themselves for extraordinary success. They build sustainable 
competitive advantages through data network effects, talent magnetism, and 
innovation velocity. They transform organizational capabilities that extend 
beyond products to culture and operations. They create innovative products 
that users love and that competitors can’t replicate. They shape the future of 
their industries rather than react to it.

The window for establishing AI product leadership continues to narrow. 
Early movers like Netflix, OpenAI, and Perplexity have built formidable 
AI-powered moats that grow stronger daily. But opportunities remain for 
organizations willing to commit fully to strategic AI product leadership. The 
question isn’t whether you need it, it’s whether you’ll act quickly enough to 
apply it strategically.

Success requires more than hiring a few data scientists or implementing 
AI models that your executives are excited about. It demands leaders who 
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understand both the transformative potential and practical challenges of AI. 
It requires organizational commitment that goes beyond budget allocation to 
cultural transformation. Most critically, it needs leadership that can navigate 
technical complexity while maintaining focus on user and business value.

As we stand at this technological inflection point, the organizations that will 
define the next era are those making strategic AI product decisions today. 
The future belongs to those who recognize that AI product leadership isn’t 
just important—it’s existential.
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LEARN framework, 225–226
learning, creating incentives for, 149
learning and improvement, 232–233
learning process in model training, 174–175
learning types. See also continuous learning 

cycles
in-context learning, 42–43
RL (reinforcement learning), 40–41
supervised learning, 39–40
transfer learning, 41–42
unsupervised learning, 40

LeCun, Yann, 237
linear regression, 49
Listen in LEARN framework, 225
LLMs. See language models
logistic regression, 49–50
losers and winners, gap between, 4–5

M
MAE (mean absolute error), 187–189
maintenance and scaling costs, 138–140
maintenance/monitoring costs, 132
McKinsey research study, 278
medical diagnosis systems, 211
metrics, making transparent, 149. See also 

North Star
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ML (machine learning), 37

cost structure of AI, 132–133
infrastructure costs, 136–137
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overview, 239–240
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148–151
portfolio mindset, 127–128
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predictive AI products, 7
preference settings, 221
privacy, ensuring, 169–170
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process debt, 260–262
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AI-driven organizational model
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overfitting during model training, 175
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personas. See AI personas
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Daily Mix, 6
data strategy, 23–24
“Discover Weekly” playlist, 217
mission of, 72
machine learning recommendations, 11
passive behavioral signals, 225
personalization system, 39
personalization team, 23
recommendation algorithm, 13
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organizational change, 26
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reducing business risks, 31
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Suno, 6
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pitfalls, 245–246

reasoning explanations, 217
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Respond in LEARN framework, 226
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RL (reinforcement learning), 40–41
RMSE (root mean squared error), 187–189
RNNs (recurrent neural networks), 50
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monitoring, 145–148
ROI analysis, 127–128
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challenges, 238–239
continuous learning cycles, 246–253
integrating AI products, 253–256
ML vs. generative AI, 242–243
pilot-to-scalable product gap, 239–242
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technical debt, 256–262

scaling and maintenance costs, 138–140
scaling behavior costs, 136
scaling dynamics, 18–19
schema drift, 258
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segmentation types, 197
semantic drift, 258
similar examples, 217
SiriusXM, 60, 216

recommendation engine, 239–240
skate board example for MVP, 156
software development paradigm, 267–268
software engineers, 276
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unsupervised learning, 40
usage context segmentation, 197
user adoption, tracking, 145
user agency, communicating, 212
user engagement, 32
user experience design, 20
user goals, serving, 213–214
user intent, understanding, 222–223
user research, 99–101. See also AI researchers; 
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user state awareness, 221
UX (user experience) design. See AI UX
UX & integration costs, 132
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scientist, 101

V
value at scale, 243–244
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AI MVP, 159
scaling challenges, 238
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system soundness, 243–244
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talent attraction and retention, 144
team needs, 178. See also agile and full-stack 

teams; AI teams
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between, 272–273
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technical debt

data debt, 257–258, 261
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infrastructure debt, 259–261
managing, 256–257
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AI-first approach, 28
algorithm, 25

time and development speed, 176
TPUs (tensor processing units), 177
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transfer learning, 62
transformers, 50–51
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AI attribution, 216–217
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219–220
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designing multimodal interfaces, 223–224
error prevention, 220–221
importance of, 215–216
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