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Preface

The Al Product Manager’s Playbook: Agentic Commerce & Digital Experience captures
a pivotal shift in how products are imagined and delivered in the age of intelligent
automation. As Al agents begin to make decisions, personalize interactions, and drive
transactions autonomously, product managers are challenged to operate beyond

traditional frameworks.

This book offers a concise, actionable roadmap for navigating that transformation. It
focuses on the emergence of agentic commerce—where Al agents act on behalf of
users—and the redesign of digital experiences powered by intelligence, context, and
autonomy. Rather than treating Al as a feature, the playbook positions it as the

foundation of product strategy, execution, and user engagement.

Whether you’re evolving into an Al product role or leading innovation in digital
ecosystems, this guide helps you understand the mindset, tools, ethics, and success
metrics needed to build Al-native products that shape the future of commerce and

experience.

— Sudarshan Prasad Nagavalli
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Foreword

How Al is transforming product management tells us that the watershed changes we are
observing now—changes with the potential to upend traditional ways of working—are
not so much about AI being "better" than previous methods at accomplishing tasks.
They're about Al being different. Al requires us to rethink, from the ground up, what it
means to be a product manager. It asks us to consider the very nature of a product in an
age of artificial intelligence. Indeed, we must confront a triad of existential questions that
product managers of the future will need to answer if they are going to fulfill their most
basic function: to synthesize what is known from the past with a reimagined future in
which products we create and the very commerce that happens around them are more
intelligent, ethical, and trustworthy. This book delivers something even more
fundamental than answers to those questions, though. It provides a scaffold on which to
hang the kinds of thought processes that will, hopefully, lead to at least the right kinds of
questions being asked and to a few promising pathways emerging through the fog of a
future that is simultaneously more predictable and more unpredictable than at any time in
living memory. Consumers can expect smooth interactions with their purchasing agents
in an era of artificial intelligence. These agents won't just be negotiating smartly on our
behalf and making commonsensical decisions. Purchases, post-purchase interactions, and
the context within which those interactions happen are going to be handled so fluidly and
instinctively by our Al agents that a real expectation of "smart product management" is
going to evolve. These agents will manage purchases for us at a whole new level. And the
net effect will be a curiously successful demand on product managers' part to tell a "smart
story" about the stuff we buy. With this in mind, here's how the author bridges the theory
versus practice gap and sets us up for an interactive experience with the text. The origin
of your expedition starts here, and together we will chart a thrilling course through the
wild landscape ahead.

Introduction: The Al Revolution Awaits

You are situated at the dual crossroads of two once-separate specialties: traditional
product management and the rapid ascent of artificial intelligence. Remarkably, what was
merely a year ago a subject of casual speculation among product managers about just
what "Al-augmented products" might look like has become—by necessity, if not by
choice—an operational discussion that has everyone from key product decision-makers to
interns rethinking the decisions they were making last week.



The pivotal question for every rainmaker and seasoned product manager (and, honestly,
every product lead who aspires to be what Silicon Valley calls a "4L," or "visionary
manager who leads teams to create 4x more value than they were creating last week") is
not whether Al will transform the product management specialty but whether they
themselves will lead that transformation. The above text can be rephrased as follows:

This entity does not simply offer personalized recommendations; it actively manages the
home base of the consumer's shopping life. It oversees subscription renewals. It secures
bulk purchase discounts. It mildly intrudes into the household's daily life, replenishing in
almost real time things like laundry detergent and light bulbs—supplies that, to be
effective, must be at hand when needed. It does this by coordinating a near-conscious
shopping experience across multiple platforms and touchpoints. Its power is in the
integration of all these experiences, the monumental data collection behind them, and the
use of that data to serve the consumer in an anticipatory way. Behold the future of e-
commerce, parented by an otherwise rusting Amazon. The interviewees' true
differentiator lay in their ability to translate AI potential into real products. They
understand that it need not be a zero-sum game. To get there, they have a human-centered
focus that seems to be the hallmark of any great product manager.

What This Guide is About

The logical order of this essay should give the reader an idea of what the upcoming guide
will impart. For starters, the guide will frame Al as an inflection point demanding a
transition in product management. It will present solid, foundational Al concepts through
the lens of product management rather than pure tech speak. Then, it will get down to the
nitty-gritty by providing some practical frameworks. These are necessary for all of us to
stay ahead of the curve and understand not only why we need to transition but also how
we can effect that transition in an orderly and sensible manner. Finally, it will take a deep
dive into what is surely the most transformative Al application in modern retail: agentic
commerce. The text is not very clearly cited, so I will paraphrase it to state what I think it
means. Here goes:

We are at the threshold of an extraordinary technological revolution that will
fundamentally change the ways humans interact with both technologies and one another.
We are now building mechanisms that will enable Al to "understand" human languages
and intents and to render decisions in ways that, up to now, only humans—using Al-like
cognitive processes—could do. Those with the power to create and use these new digital
mechanisms with empathy, rigor, and a clear vision will lead the evolution of those social
systems we now call "digital ecosystems." Whether we, as a society, digital economy, or
anything in between will take a route that leads to some kind of dystopia or a path that
follows a 21st-century arc of empathy, what happens next is up to us.
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Part I: The New Frontier — Why Al Product Management Now?

Chapter 1: The AI Tsunami and the PM's Imperative

Sarah has worked as a senior product manager for a midsize enterprise software company
for the past 15 years. Operating under the assumption that doing the right things in the
right sequences accrue success, she has witnessed gradual progress, albeit slow, in this
portion of the enterprise. Before the last two quarters, her team managed the message so
well that the product delivered a 67 NPS and the firm was safely outside any danger of
product-bureaucratic twilight, as the product was interesting and easy enough for the
right audiences to comprehend. Then, the dashboard started and has now culminated in a
type of Al flameout. The tight Al product management requirements, as opposed to the
nice-to-have stems from the ever-increasing strategic importance of Al and rapid changes
in the Al product landscape. As the media case study demonstrates, there are other
sectors within reach that are easily primed for disruption. It serves as a forewarning.

The advancements in Al are primarily due to its unparalleled potential driven by several
foundational factors: there are strong indications of Als increasing in strength (and
affordability) over time, their worth is evident in various business sectors, and both
established and new businesses are discovering the value of Al in achieving tasks that
were previously thought to be unattainable. A new Al company took advantage of a
massive and continuously updated data source and a set of transformer-based
recommendation model algorithms. Using these, the company provided customer-tailored
articles that were updated and modified in real time to meet the reader's preferences,
which altered minute by minute. In one fiscal year, the established company reported a
25% drop in advertising revenue. The drop was so severe that it triggered a request to
completely overhaul the company‘s revenue model. In hindsight, the company could
have avoided most of the losses had they integrated Al into their operations. In the
modern fast-paced economy, the ability to quickly revise and improve predictive models
is invaluable.

In the current era, where user expectations are rapidly evolving, organizations that
continue using rigid, monolithic models will fall behind more agile competitors that
rapidly deploy new features. Anticipatory Personalization: the system predicts user needs
before the user articulates them and provides individualized, dynamically evolving
recommendations. 2. Conversational Interfaces: products that enable search and
interaction using natural language, allowing seamless communications that bypass
cumbersome menu systems. 3. Proactive Assistance: Al agents autonomously negotiate,
schedule, and troubleshoot issues and take actions without users having to explicitly
delegate tasks. The terms —Al-nativel and —AlI-enhancedl help clarify this distinction. An
Al-native system or platform, like a modern e-commerce site that replaces search bars
with conversational interfaces, has intelligence embedded in its core architecture. An Al-



enhanced system, in contrast, simply adds recommendation layers to interfaces that
resemble traditional systems. The experience is ultimately what defines the new normal.

Al-native systems enable deeper and richer experiences, transforming systems and
processes more significantly than previously possible. From an engagement perspective,
the use of Al leads to increases of two to three times higher than those observed in other
approaches. Over a six-month period, the GMV increased by twenty-three percent.
Adaptive price elasticity modeling helped relieve margin compression. These two
examples represent only a fraction of the numerous innovative approaches for revenue
growth Al has to offer.

Table 1 — AI-Native vs AI-Enhanced Product Models

Dimension Al-Enhanced Al-Native
Architecture  |Layered Al features on legacy systems | Al built into core system design
Interaction Search bars, dropdowns Conversational interfaces
Personalization | Static recommendations Real-time adaptive models
Deployment | Periodic Continuous iterations
Impact Incremental Transformational

Consider the cases of a subscription box service and a global travel platform. These
companies designed machine learning and neural network systems tailored to the offers
each customer received to the most personalized level possible. The subscription box
service was able to reduce churn rates by 35%, while the travel platform increased
conversion rates by 45%. It‘s a license-to-ill moment for both of these companies, as
these customer experience enhancements resulted in a dramatic increase in the volume of
purchases. If this didn‘t frighten you, consider the potential impact of network effects.
This is also the reason the first two stories are better than they seem. The metaphor
suggests a movement away from deterministic and rule-based systems design to adaptive
and improvisational systems choreography, where the product evolves in real-time to
shifting customer behavior. Consequently, roadmaps advance from fixed feature
timelines to fluid, adaptable, and model-centric plans. Epics are now reorganized as
—capability clusters,| such as —contextual language understandingl or —predictive demand
modeling,l which each contain distinct research, data collection, and validation
milestones. The emergent nature of Al capabilities means that product teams must deal
with a high level of uncertainty, and they must define a clear experimentation scope and
budget, as well as rapidly iterate on the core algorithms and the end-user experience.

Table 2 — Business Impact of AI Across Sectors

Sector Al Use Case Key Outcome
5 - :
Media Real-time content personalization 25% drop in competitor
revenue
Subscription Offer customization with neural 35% churn reduction




Sector Al Use Case Key Outcome

Box Networks

Travel Dynamic recommendations 45% increase in conversions
E-commerce Adaptive pricing 23% GMYV increase
The Ethical Imperative

The power of Al comes with an unprecedented ethical responsibility. Algorithms now
make decisions about whether an individual gets approved for credit, whether a loan gets
sanctioned, whether a person gets a job, and even whether law enforcement functions are
employed. Consider an example from a financial-services firm that implemented an Al
loan-approval system. The time taken to process applications decreased by 80% and the
approval rates increased by 15%. This was seen as a massive boost to efficiency.
However, a post-deployment bias audit found systemic bias in the approval rates. Denial
rates for applicants in certain demographic groups were much higher, even though they
presented the same credit profiles. This bias results in regulatory sanctions, expensive
litigation, and a reputational hit that erodes the trust of customers. Product managers are
now expected to master a new dimension of ethics. These include the concepts of: -
Fairness and Accountability: The assessment of disparate impact and governance of
active stewardship. - Transparency: Communication of the workings of Al, its
limitations, and the criteria within which decisions were made. Fulfilling these duties is
necessary to protect not just individual projects, but the Al ecosystem as a whole.

The Organizational Transformation

The advancement of artificial intelligence (AI) technology does not only call for new
data, but for new ways of thinking, analyzing, and working with data. This is not a purely
math based problem; it also encompasses organizational design and the allocation of
human capital. The integration of Al as a core element of a product portfolio will qualify
the need for further organizational restructuring.

When retraining staff for the orchestration model, it works best to begin with the original
15 ideas that inspired the bulk of AIG research. Following that, for the next 15, we
explore what would logically extend from the original 15, and conclude the series with
yet another 15. The Career Opportunity

Significant Al (artificial intelligence) and ML (machine learning) developments and use
cases have been witnessed recently, as well as an increasing prevalence of Al
technologies in the business sphere. For a company to remain competitive, it is important
for them to utilize the tools being developed. The rapidity of advancements, however,
makes it a mammoth task to determine which innovations to implement in a business and
in what order.



The Al landscape, like any emerging technology, is primarily built on applied science
and not on an innovative layer of applied business rationality. This course is built around
these dual objectives: understanding the domains of Al and ML, and understanding the
business landscape that incorporates these technologies, so that we‘re in a position to
steer a part of our business into an Al-enhanced future.

The Learning Opportunity

It is a common misconception that Al is a new field of research. Al research has been
active for several decades, though there have been two long periods of stagnation, or _Al
winters‘. This field has been intensively research for the past decade, and more so in the
past few years. The pace of research is a call that we must answer to remain current.

We also cannot overlook the considerable capabilities brought by the latest significant
model releases, particularly the large multimodal transformers we currently utilize. To
comprehend them thoroughly and engage with them meaningfully, can we operate with
just one toolkit, as with any one discipline of science or applied business? Certainly not.
Engaging with both requires us to traverse a multidisciplinary landscape and adopt a
multidisciplinary mindset. In economics, the approaches consist of the dynamics of
market data coupled with the pricing models and the macroeconomic implications of the
automation. In psychology, the consolidation of user-centric designs for interactions that
respect human agency and minimize mental exhaustion. In philosophy, the smart
paradoxes of intelligence and agency, alongside the ethics of restraining the agency of
artificial beings and machine intelligence.

Product managers who learn these disciplines become even more versatile problem
solvers, able to track emerging technologies, understand advanced technologies, and
build human-centered products and solutions that respect people's and community's core
values--that is, able to do what great product managers ought to do. Artificial intelligence
has one of the greatest potential societal impacts of any technology, but that impact also
brings with it ethical concerns. Business clients and customers stand to gain greatly from
the automation of many enterprise decision processes, but the automation of decision
processes also requires great governance. Consider the governance issues of a powerful
automated decision system with a life-and-death impact, such as an air or automated road
vehicle control system. Product managers must do more than understand the concept of
systemic bias. They must champion the radical culture change necessary to eliminate
bias. Al systems can become dangerous if we pretend that human fallibility excuses
irresponsible system design. Al governance is like a wise path forward, and transparency
is the key to unlock it.



Part II: The Foundational Concepts for the AI Product
Manager

Chapter 2: Fundamentals of AI/ML for PMs—The
"What" and "Why"

Al technologies are rapidly expanding throughout various industries and gradually
making their way into the consumer sector. Almost every one of these sector companies
is dealing with Al and determining its potential application. Some businesses, such as
Amazon and Google, have created profitable commercial Al services rather than using Al
as a tool to augment their other products. Most businesses are positioned at the mid-point
of the spectrum, viewing Al as a strategic rather than tactical investment and trying to
figure out its management and underlying mechanics, which results in puzzlement.
Project managers who understand this tripartite framework can balance the model
performance and understand latency, interpretability, and business value. One can
understand the challenge of nomenclature with the systems being developed. They may
be named _features,* _components,‘ or _product lines, to which each name corresponds to
a specific product type. Moreover, all of these products operate on data, which also
comes in types.

The frameworks within which products are classified do not differ from those which
govern the classification of data. From the perspective of product strategy, each level, or
tier, of the taxonomy constitutes a class of solutions focused on a specific business
challenge. Al driven by Machine Learning consists of statistical models which refine
their predictive abilities as they analyze increasing volumes of labeled data. Fraud
detection, product recommendation, and customer churn prediction engines are perfect
examples. When they meet their goals, the engines uncover valuable, even hidden,
correlations. Nonetheless, the usefulness of the engines is limited by the amount and
quality of the data that they have been trained on. Al driven by Deep Learning consists
of more sophisticated designs, including Convolutional Neural Networks and Recurrent
Neural Networks, which analyze unstructured data such as images, audio, and natural
language in both conversational and machine interfaces. Visual search in e-commerce is
the embodiment of a Deep Learning system and also the epitome of a poor user
experience. In stark contrast, voice-activated assistants are surprisingly underwhelming
and very predictable in their tasks, a fact we are all too familiar with.

Nonetheless, CNNs and "unstructured" RNNSs, even in their detoxified versions, might
provide insight into the pathways to these two distinct endpoints. Even with the rigidity
of fixed responses, the team switched to an ML-powered system of recommendations
which suggested probable destinations based on the searches and bookings made by the
users. Significant funds were then allocated toward the construction of a deep-learning
(DL) based image search tool. This tool would enable prospective clients of the service to
capture images and snapshots of a certain location and an instance in time and submit it
to the system. Historically, the Al team has been collaborative with human labelers to
assist the system by integrating numerous annotated dataset of popular travel images and
their meta data. Currently, it appears the Al team is also focusing on optimizing a
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lightweight DL model to achieve approximate scene-matching based on visual texture
and 'lightness- rightness' ranges with 95% accuracy. Data Collection and Preparation

Again, countless empirical research demonstrates that, in an Al project, the data
collection and preparation phase is the most time-consuming, often taking between 60
and 80% of the total project duration.

This phase of the project consists of ingestion, de-duplication, cleansing, labelling,
enrichment, and processing. The PM (Project Manager) symbolizes championing
representativeness. Consider a demographic group that is likely underrepresented in this
project. The model predictions would end up being unfair for that demographic group.
Ultimately, it is the PM that argues for the most critical training set. Model Design and
Construction

The chosen algorithm family (e.g. gradient-boosted trees, CNNs, transformer-based
LLMs) and the team hyper-parameter tuning requires a set of trade-offs. One of the most
fundamental trade-offs is that a complex deep learning model can be developed that
achieves 95% accuracy but takes many seconds to generate a prediction, while a simpler
model that achieves 90% accuracy responds in milliseconds and is considerably faster.
Here, the PM has to reconcile speed and what can be termed basic efficiency against
predictive performance. For this reason, a Prime Minister position entails the
responsibility of creating thresholds for drift detection and routed pipeline automation for
retraining. Part 6. Continuous Monitoring and Improvement

Upon deployment, the product enters the phase of endless monitoring.

The attributes of the Al component are monitored in near-real time to see if metrics such
as prediction distribution drift, error rate trends, or user feedback indicate failure or
imminent failure. If these metrics indicate that the Al component has become (or has
always been) unhelpful, the PM has to decide whether to retrain, replace, or disassemble
the Al component. Keeping the Al component functional is clearly the PM's primary
responsibility. Equally important, owing to the fact that it was the first Milestone, is
sustaining the experimental mindset within the team members who are working with
those artificial intelligence components. New entrants to the market encounter a classic
"chicken-and-egg" problem. Insufficient data results in low-performing models, and low-
performing models make user acquisition challenging. Despite this, new entrants can
employ bootstrapping methods to overcome this hurdle. For example, they can identify a
narrowly defined use case, such as Uber's non-market use of the trajectory data collected
from riders. They can also use transfer learning.

Caution in product development is acceptable, but ignoring the issue of poor model
performance is a business suicide, particularly for companies hoping to develop better
predictive models in the future. This is particularly true when the company has a user
acquisition engine that is fully operational. The PM must ensure that the processes
concerning the data are as carefully managed as the processes that handle the code. In the
world of algorithms, the quality of assurance is a paradox. All the human cognitive skills
that make a PowerPoint presentation effective or a business meeting productive are the
same ones that help a person model discernment abilities identify a good model, a bad
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model, a model that is useful in some areas and a model that is highly unreliable. The
human dimensions of these models are universally clear. They must be employed along
the culture of the PM and the processes that they develop.

If the —above-groundl aspect of the AI PM is the visible part of the Al —underground,|
the human-driven Q&A systems of intelligence determine the goodness or badness of the
models and the reasons thereof. Additionally, some forms of intelligence examine the
data, as well as the reasons data may be valuable or problematic. Most current models
perform well on narrow Al tasks, meaning that the model cannot generalize across
multiple tasks and requires retraining to perform a different task. It is, therefore,
important to articulate the outbound scope of a product that is consistent with the model‘s
competency envelope, which is primarily defined by data seen and architecture-
dependent algorithms. When we over-promise and under-deliver on the predictive
capabilities of a product, we set our stakeholders up to be disappointed and lessen their
trust in the product and the organization that creates it.

Professor Fei-Fei Li‘s work showcases _Appreciating Poverty... ' as the most anti-
Promised AIl. The project's aim is beautiful. _The objective was to investigate the
implications and value of representing impoverished communities, globally, visually
underscoring the nuances of individual and structural poverty.® Fei-Fei Li‘s work
showcases _Appreciating Poverty... ' as the most anti-Promised Al. The project's aim is
beautiful. _The objective was to investigate the implications and value of representing
impoverished communities, globally, visually underscoring the nuances of individual and
structural poverty.*

Feature work has a well-defined scope once a spec is complete. In contrast, teams may
spend weeks or months researching Al model architectures, only to be outperformed by a
much simpler model. Even the simplest, most interpretable models can be "simpler,
faster, and perform well enough" for the task at hand to justify avoiding complex, costly
alternatives, and "more complex" may only serve to enrage any Sirens to avoid a
Sisyphean task. (See: Human-Moderated Content Pipeline, or How to Not Anger the
Internet). - The Last-Mile Problem — The last mile refers to the gap between good testing
performance and value delivered in production. For instance, a model may achieve 95%
accuracy on a held-out validation set, yet live deployment may still yield bad
performance due to distribution shifts, integration latencies, or unforeseen user behavior.
For a myriad of reasons, managing a product team building an Al system is complex, and
that's an understatement.

One reason understanding why things go wrong is not just debugging is because long
traces of silicon and metal told us where to look for problems in the past. It is a matter of
analyzing which data didn‘t perform as expected, which models overfit, and which loss
functions led us to undesirable outcomes. Routine debugging practices are insufficient for
this work. This practice must be supplemented with data profiling and model explanation
methods that are sometimes considered rocket science, whether literally or figuratively,
depending on the model in question.

This is one challenge Al integrated products offer. If getting a Al integrated product to
behave is a challenge to a product team, what about the product value tradeoffs Al
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integrated products must make to be of value and not just well behaved? The stakes here
is the tradeoff between exploration and exploitation. In the case of recommendation
engines, the audience must be continuously well entertained by a fresh supply of signals
that will shine the spotlight on high-performing well-known items that match, or don‘t
match, precisely what they desire. However, high performing items do not exhaust the
universe of high performing items. As such, tactics like epsilon-greedy policies,
alternating layers of bad and good items, etc. become vital if the product is to learn in the
wild. These are just a few of the challenges product managers face if they wish to have a
trustable well behaved Al system that offers not only direct profits, but also long term
value to their stakeholders.

Ethical AI and Responsible Innovation

Ethics can no longer be an afterthought when developing Al products. Responsible Al
product managers serve as the ethical beacon for their teams, translating vague and
abstract ethical arguments into actionable and difficult decisions regarding what
responsible Al truly entails. They must grasp the harsh realities where competing
definitions of equity may mutually exclude one another. Living with the decisions Al
product managers must take entails bearing the consequences of difficult trade-offs. -
Algorithmic Bias: Mitigation strategies include diversifying training datasets, instituting
bias-testing suites, and monitoring fairness throughout the model‘s life cycle. -
Transparency & Explainability: Counterfactual explanations enable the user to
understand why a particular decision was made again fostering trust and regulatory
compliance.

- Privacy Preservation: Federated learning along with differential privacy ensures user
data remains secure, but what implications does this have on Al's predictive capabilities?
On the other hand, what does superior predictive performance mean for privacy? -
Human Agency: In this case, Al should be considered as decision-support tools that
mitigate risks and expose them to clinicians so they can supplement their judgment and
rationality while exercising their primary decision authority. - Uncomfortable Decisions
Al PMs Must Make: When you encounter the conflict of definition head-on, which type
of fairness do you choose? Why? Each of the demographic parity, equalized odds, and
calibration fairness paradigms capture different facets of fairness, and the need to choose
seemingly other unrelated fairness paradigms. The margins of these difficult to quantify
equity dimensions, as outlined in the product's ethical framework, should also be
included in any Al products ethical framework. They are very significant (and difficult
to quantify) equity dimensions as part of the artificial ethical framework, that I
recommend primordial cross-functional collaboration for what should remain in the
product and the social context in which the product resides, as well as the product's
purpose and compliance with legal requirements.



After that, with a clear societal worth structure established, a concealed guide governance
framework is available for use. Performance metrics in relation to Al within specific
Value Domestication Metrics.

For classification, use accuracy, precision, recall and score F1 assessments. Tiered
regression employs mean squared error and mean absolute percentage error assessments.
For ranking assessments, relevance is determined by normalized discounted cumulative
gain and mean average precision.

Even though there are latent structures within model frameworks and within the data
itself, the performance indicators present are the only way to gauge the relevance of a
model to a specific task without having to add an interpretive layer. Composite business
impact metrics. These scores must be evaluated in conjunction with others in an ensemble
judgment, as one could argue that, given the relevance scores, mixed business
implications are likely. This is because the model providing those scores is situated
within a business context. Nevertheless, a model should be evaluated based on its score
and its business performance impact across different dimensions. Consider a content
moderation pipeline with automated flagging and human review. One of the main KPIs
that _measures‘ the effectiveness of the pipeline is its efficiency, but the most important
efficiency metric does more than tell the PM that the pipeline is functioning; it sheds light
on the —howl and —whyl regarding the two key trade-offs of precision and recall that
every PM must manage.

In this pipeline, Precision describes how many of the system's raised flags are
unnecessary, while recall describes how many of the system's unraised flags are problems
that need to be raised. Raising efficiency to the level where fewer problems are raised,
but the necessary ones are raised quickly, with less time lags, and more directly, is a nice
thing. If raising of necessary precision flags is sacrificed for the raised greater number of
recall flags (epistemically, —this thing is not what it seemsl), and it happens to be with a
nice efficiency story, the PM is facing a very serious problem. The value product
managers (PMs) can offer to Al initiatives is within the value of discipline of an ideal
PM. The PM must ask, —What value is this ensemble of components creating for the
customer and for our business?l at every stage.In the Al discipline, it is the mastering of
a practical taxonomy that allows the PM to identify the appropriate technologies and Al
forms for a problem.

Comprehension of the Al product lifecycle enables the PM to ensure the appropriate
actions are taken and the right decisions are made at each crossroad in the path of the Al
product. Understanding the unique ballpark that Al products operate in helps the PM
avoid expensive blunders. Respecting the product‘s ethical minimum baseline involves
the product manager's due diligence on responsible Al. The risks of the Al initiative
derailing are, to put it mildly, significant if the product manager fails to meet these
expectations. Therefore, it logically follows that product managers must be held
accountable for the ethical ramifications of Al.



Chapter 2 Summary: Building Your AI Foundation

You now have the fundamentals required to practice Al product management within your
area of specialization. You‘ve become familiar with the taxonomy of Al technologies and
the contexts within which each can be applied. You‘ve learned the distinctions between
Al and non-Al product lifecycles and the associated challenges. You‘ve also internalized
the importance of ethics and the role of various types of data in Al-enabled products.

However, the most notable thing we‘ve tried to instill in you is the active rationalization
of the potential and the limits of Al technologies, which you can utilize as a basis for
effective product decisions. You are not expected to know the intricacies of
backpropagation, the mathematical details of training an Al, or the component and
system architecture of transformer networks. However, you should know both the
potential and the limitations of Al technologies, and how to design products that utilize
both effectively. Finally, bear in mind that Al is a tool—a powerful one, but still a tool.
The fundamental principles of product management—understanding user needs, value
delivery, and business profitability—nonetheless remain unchanged. You will simply
have more ways to achieve these objectives.
Table 3: Comparison of AI and Non-Al Product Lifecycles

Traditional Product

Aspect Al Product Lifecycle Lifecycle

Data quality, model

Core Dependencies Feature design & engineering

performance
. . Continuous learning and User feedback and feature
Iteration Drivers L.
retraining updates
. Model drift, bias, data Market changes, user behavior
Uncertainty Factors e .
variability shifts
Validation Approach Metncs like accuracy, F1-score, Us.abl.h'ty, functionality, and
fairness reliability
Ethics & Risk . . Compliance and user
. : Privacy, bias, transparency .
Considerations experience
Deployment Complexity Modp l'updates, monitoring, Version releases and patches
retraining
Team Involvement PM.S’ data scientists, ML PMs, designers, developers
engineers
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Figure 1: Core Pillars of AI Product Management Foundations
Reflection Questions:

What kind of Al technology - whether rule-based, machine learning, deep learning, or
generative Al - do you think would add the most value to the user experience for your
current offering?

What data does your organization collect that can be used to train Al models? What data
gaps would need to be addressed?

How would you explain model uncertainty to a non-technical stakeholder who is
convinced Al must always provide a precise answer?

Which ethical considerations are most important for Al products in your sector?

How would you construct a measurement framework that integrates model performance
measures with user experience and business results?
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Chapter 3: The AI PM Skillset — A Framework for
Growth

Eight years into her career as a product manager, Jennifer's company decided to
implement its —Al-firstl strategy. Jennifer felt both excited and intimidated by the job
descriptions for the newly created AI PM positions, as the requirements seemed to entail
not only new and more sophisticated technical skills, but also a completely new approach
to thinking about product development. With all the new responsibilities around Al, how
could she realistically develop all the requisite skills while continuing to meet the
demands of her current role?

This chapter focuses on the same problem as Jennifer and the readers. Here, we will
discuss the most complete framework around AIPM skills and outline actionable steps for
you to take and, more importantly, help you derive a personalized upward mobility plan
that leverages the skills you already possess and focuses on the important ones that need
to be developed. We do not aim to make you a data scientist or machine learning
engineer; instead, we hope to help you acquire the hybrid skills that Al PMs need.

The AI PM Competency Matrix
Introduction

The rapid adoption of artificial intelligence (AI) technologies has prompted a
reassessment of the competencies required of product managers. There is a prevailing
assumption that managing Al-focused products entails a skill set so vastly different from
conventional product management that it is unrecognizable. This essay seeks to counter
that assumption. Managing Al-focused products does entail some new and different skill
sets. However, I argue that the shift to managing Al-focused products is more of an
evolution within a product manager's skill set than a complete revolution. It is more like,
—product management with a bit of ALI

The authors of this document have backgrounds in product management and data science
and have constructed a framework that outlines the competencies around which this
evolution takes place.

Through the use of specific case studies, illustrative anecdotes, and models and mental
models focused on aiding non-data-scientists understand the often opaque terrain of
machine learning, they clarify the how and the why of what works and what does not
work. In this regard, the matrix transforms the typical toolkit from a square to a five-
parted pentagon which includes Technical Fluency, Data Acumen, Strategic Thinking,
Execution Excellence, and Leadership & Influence. They achieve this while preserving
the core of product management.

Being technically fluent is not the same as being able to code production neural networks.
It 1s having a basic but solid comprehension of model architectures, the trade-offs of
those model architectures, and how those trade-offs affect the outcomes of the product.
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"Sound grasp" means more than familiarity; it means a certain level of conceptual depth.
A product manager with Technical Fluency can go straight to asking the key questions
that must be addressed to (1) ensure that engineering resources are allocated to the
product in a productive and efficient manner and (2) identify, or pre-emptively identify,

risks and opportunities that will present themselves in hindsight. A PM pursuing this line
of questioning discovered that the real-time personalization target required sub-100
milliseconds responses, a condition that the costly deep model would not meet without
provisioning expensive GPUs. The PM, using technical fluency, led the team to the
hybrid solution of a batch-processed deep-learning model that would be used to create
scoring vectors and a linear model that would make real-time predictions. This solution
satisfied the requirements by meeting the latency constraint and reducing operating costs.
Now, the operationalization. To be fluent means to have the appropriate technical
intuitions and knowledge.

Al Product Manager Competency Pyramid
Leadership Qualities
/: Guiding teams and driving project success
Communication Skills
Effectively conveying ideas and information

\\

/N //’ Analyzing market trends and customer needs

Strategic Vision
& ateg

m Developing long-term product strategies
> Technical Proficiency
%’ Understanding Al technologies and applications

Figure 2: The Al Product Manager Competency Pentagon

What should we suggest as the three basic foundational knowledge domains that product
managers should internalize? Having an intuition for the data and its quality allows
product managers to have an appropriate understanding of expectations, promises, and Al
product feature roadmaps. As one of the foundational knowledge domains for product
managers, data acumen includes appreciating data as a key input for the machine learning
(ML) models that are included in Product Al and in the products. Product managers need
to assess the quality of the data and understand the architecture of the data pipeline. They
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need to set success metrics that ensure model performance and product success
alignment. For the fintech example below, we refer to a story by Randy Heffner, of
Forrester Research, who evaluated its importance. A fintech, like many in that sector,
uses a range of disparate signals to understand its customers and determine if they are
likely to pose significant risks. Merging those heterogeneous signals presents significant
architectural and data quality challenges. Without a data-driven approach, that integration
will simply never happen. Privacy & Governance: The integration of GDPR, CCPA, and
other sector-specific regulations on the handling of PII & sensitive data is no small feat.

Achieving compliance while retaining the utility and integrity of our analyses feels
somewhat like performing a magic trick. The magic consists of pseudonymization
(making data untraceable to an individual without additional, separated information),
encryption (coding data so that only certain authorized individuals can access it), and
what our friend Boris from MIT call "differential privacy." This entails the ability to add
enough noise so our models will not breach privacy. I think our 'trick' is a decent one,
yielding compliance while permitting a great deal of useful activity and interaction with
our data. Yet, the greatest cause of security-related unease is the belief that privacy and
analytic utility cannot coexist. This is particularly concerning for those who value
privacy, as I do, and for whom the trade-off might be the worse end of the deal.. We must
also analyze the risk of large language models altering the competitive landscape and our
ability to adopt such models without compromising the stability of our current products.

When artificial intelligence is integrated into the business framework, it moves from
being a mere prospect to a sustainable competitive advantage, according to Ron Sargent,
Chief Technology Officer of Technology Development at Liberty Mutual Insurance. This
is Execution Excellence. As Al continues to evolve, product management needs to adapt
in a way that moves away from the management-of-products traditions. As part of the
mitigation framework, drift detection alerts, bias audits, and fallback heuristics provide a
safety net when confidence levels fall below acceptable thresholds. These practices
enable the product manager to provide the same level of rigor and predictability we

expect from classical software, while also honoring the different life cycle of a learning
model.

Table 4: Foundational Competency Areas for Al Product Managers

Competency

Area What It Means in Practice Example from Text
Technical Understanding model PM shifted from deep model to hybrid
cchmica architectures, trade-offs, latency [(batch DL + real-time linear model) to
Fluency .
constraints, cost vs. performance |meet latency & cost targets
Assessing data quality, Fintech case: merging heterogeneous
Data Acumen |pipelines, metrics, privacy & signals, GDPR/CCPA compliance,
governance pseudonymization, differential privacy
Execution Ensuring reliable deployment, Use of drift Qet§ct10n, bl.as qudlts,
.S . o fallback heuristics to maintain product
Excellence monitoring, risk mitigation

stability
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Congit:ncy What It Means in Practice Example from Text
. . o Anticipating impact of emerging
Strategic Evaluating Al opportunities vs. .
e . . LLMs on competitive landscape and
Thinking constraints and market shifts
product roadmaps
. Aligning stakeholders, Framlng 'questlons to guide .
Leadership & ; . engineering resources, shaping
translating technical concepts . . .
Influence decisions without needing to code
for non-experts
models
Leadership & Influence

The diversity of individuals within Al teams suggests that more Leadership & Influence
is necessary. A product manager must coordinate a form of collaboration between a
constellation of intelligent, credentialed individuals (many of whom, one might assume,
are introverted). These individuals include engineers, designers, data scientists, ML
engineers, researchers, ethicists, and policy makers. A product manager must assume the
role of a translator and a conductor who merges the disparate languages, schedules, and
agendas of these disparate groups towards a common product vision. A vision that, when
it comes to Al, is growing more and more ambivocal. —The Awl, February 25, 2015 As
an example, focus on helping the ideation product managers and letting them exercise
with no-code tools. One conceptual mental model useful in Al is the analogy of "walking
downhill," which is used to illustrate the idea of gradient descent. You are not simply told
the "right" way to understand it. Instead you are presented with a hiker's-eye view
analogy to help you form a mental grasp of an abstract mechanism, even if you are not
helped with the complex math that is likely inverse to the analogy.

Tools such as Google Teachable Machine, Amazon SageMaker Canvas, and Microsoft
Azure ML Studio demonstrate how models function on a basic level. A product manager
can firsthand experience the ease of creating a basic image classifier through a drag-and-
drop interface, and how improving a model's performance is a mere researcher‘s task.
Product managers are encouraged to understand the fundamentals of Al because of the
importance of their responsibility. This should be a one-person effort for the construction
of a knowledge repository. A knowledge repository consists of a glossary of key terms, a
compilation of models and heuristics their team utilizes to reason about Al, and relevant
case studies that accompany many of the product manager‘s choice are the foundational
documents. This repository should be built in tandem with answering essential and
relevant questions about the technology their team is developing. These initiatives are not
designed to train understudies to be engineers; instead, they aim to establish a basic level
of understanding of the pertinent topics at hand. This ensures the target outcome is
enhanced dialogue and informed decision-making.

Each dimension in the Al PM Competency Matrix articulates part of a coherent
framework within which product managers can learn how to transition their traditional
skill set to a distinctive one aligned with Al-driven development. The competencies may
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be unique to PMs working on Al projects, but they are largely applicable to all PMs.
These include:

Technical fluency prioritizes the Al opportunity space for the PM to drive it with
authority.

Data acumen focuses on effectively managing the vast amounts of data central to the Al
opportunity.

Strategic thinking synthesizes the business and user needs, and balances them with Al‘s
unique capabilities.

Execution excellence means success in the space between launch and learning is hinged
on a showcased MVP.

Leadership and influence create covenants with internal and external stakeholders whose
support the PM needs to ensure that the Al project receives not only funding but also the
latitude and leeway required to succeed. At the same time, data fluency, which is
grounded in the evaluation and prioritization of relevant data, intuition, and the
stewardship of privacy through features, forms the bedrock of robust Al systems. Overall,
the change from traditional to Al-centric product management is not a revolution, but an
expansion of the existing product management skills. Future Al product team leaders will
need to ensure the systems are safe, driven by data, and defuse the types of partnerships
needed to maintain a competitive edge in an increasingly "smart" marketplace, the
complexities of which are largely lost on most of us.

Table 5: Leadership & Influence in AI Product Teams — Core Responsibilities

Dimension

What Leadership Looks Like
in Al PM Context

Example/Action from the Text

Cross-Functional
Orchestration

Harmonizing engineers,
researchers, designers, ethicists,
and policy makers

Coordinating diverse experts
toward a shared product vision

Translation &

Converting technical and
abstract concepts into shared

Using mental models like
—walking downhilll to explain

Communication understanding gradient descent
C . le Teachable Machi

Empowerment via |Enabling ideation teams with Google Teachable Machine,

SageMaker Canvas, Azure ML
Tools no-code/low-code platforms .

Studio
Knowledge Creating shared repositories, Building a knowledge base with
Infrastructure glossaries, and heuristics terms, models, and use cases
Stakeholder Securing support, resources, Ensuring funding and freedom to
Influence and autonomy for Al initiatives |iterate within constraints

Decision Alignment

Balancing technical realities
with business strategy

Applying data intuition,
compliance considerations, and
risk assessment
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Strategic Thinking Concerning Artificial Intelligence

Artificial Intelligence (Al) is no longer confined to research laboratories but is becoming
integral to product innovation. As the ubiquity of Al increases, the last two decades of
product management focused on user experience testing and iteration, feature matching to
a static product roadmap, and simple cost structure analyses, is becoming increasingly
irrelevant. What we require now is a more cohesive strategic narrative and a vision that
integrates multiple perspectives to anticipate future product developments. One of the key
elements is the strategic partitioning of Al products into two categories: Al-native and
Al-enhanced. Al-native products consider machine learning the core of their
functionality. In contrast, Al-enhanced products may simply serve the user statically and
add a layer of so-called intelligence that does not fundamentally change the user-product
interaction. This basic understanding allows us to organize many otherwise disparate
details. When a model is trained on a larger and more diverse corpus, it not only
increases accuracy, but also enhances robustness to counter measures aimed at eroding
the model's market dominance.

This robustness derives from two interconnected phenomena. The first one involves
transfer learning; capabilities acquired by an Al in one field (e.g. vision) can be utilized
in another field (e.g. language). The second involves building a competitive advantage.

Fortifying models against encroachment also uses "data-in-the-loop." This phrase covers
the spectrum of ways a company can produce and utilize data to enhance a model. One
method includes the use of synthetic data to produce plausible (albeit not always 100%
accurate) predictive scenarios for the model. Another example includes clickstream
data—streaming audiovisual records of a wuser's interactions with the digital
environment—for identified instances of natural language relevant to the model's
language comprehension tasks. In this case, the creativity has become a liability for the
company. Still, for our purposes, the most important question is how to build more robust
models. When an organization lacks extensive domain knowledge (such as computer
vision applied to medical imaging) but still desires to play a leading strategic role, it faces

a unique set of choices regarding the types of Al to pursue. Those choices people will
consider the degree of Al expertise required to achieve significant product differentiation,
the advancement of the relevant Al technology, and the amount of proprietary data the
company has to make the project viable.

Businesses that possess user-generated data are likely to invest in the development of Al
systems. Those that are data-poor and lack meaningful differentiation are likely to
acquire Al systems from other firms or to partner with firms that have Al capabilities.

Entering a new market involves making more decisions than just timing. Should a firm be
a pioneer or a fast follower? Entering the market too early may mean that the firm has
developed a technology that is immature and that will require extensive reworking and
costly adjustments in the future. Entering the market too late will likely mean a more
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sophisticated offering, but the firm will lose access to critical data streams necessary for
continuous model refinement.

Al Product Thinking Strategic Landscape
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Figure 3: Strategic Landscape of Al Product Thinking

Excellence in Execution of AI Products

In order to transition from having a strategic vision for an Al product to achieving a
meaningful market impact, the firm must have a robust execution framework. This is
particularly challenging because the development cycles of Al systems are, in many
ways, still a free-flowing process.

Road mapping

A traditional product roadmap is just a list of features and a complete product to be
delivered in the future. In contrast, Al product roadmaps must be outcome-based. They
cannot predict the incremental unveiling of parts of the overall architecture at regular
intervals. For instance, in the case of an Al-developed recommendation system, quarterly
milestones can be designed around engagement uplift, diversity of recommendations, and
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user satisfaction, instead of a checklist of Ul tweaks and meaningless re-arborizations of
categories in a taxonomic hierarchy of preferences. This balances the development speed
against the actual safety of the product.

Sprint Planning

Al operates well under a framework involving dual simultaneous tracks. These two tracks
function like trains: one focusing on research activities while the other on production.
The tracks are:

Exploratory research—formulating hypotheses, examining data, and constructing
prototype models; and - Productionization—executing scaling activities, constructing
CI/CD pipelines, and integrating monitoring systems. The product manager best
positioned to ensure the two tracks are tracked in system-obsessively balanced harmony.
In mythic terms, they are the Fates, exercising control over the attention spans of their
team. And well, fates in myth complain about the proportion distributed to them, they
lack attention while the manager must ensure their teams focus on the task and the task
they must not be focused on. The product manager builds trust in two ways from the
stakeholders. The first is guiding the conversations towards the impact, latency, and the
business value which are the major constructs determining the value of the discourse.This
is not a walk in the park. A second method employed by product managers to build trust
involves the clarity with which they communicate the definitions of the variables in a
conversation. This may appear insignificant, but it constitutes a critical component of
stakeholder engagement. As noted previously, the lack of a cohesive framework
significantly diminishes productivity. In brief, disparate terminology impedes
collaboration among individuals with varying expertise. To this end, the incorporation of
visual frameworks, along with glossaries to standardize reference terms in a conversation,
can significantly enhance stakeholder engagement and, by extension, the decision-
making process. Competency Self-Assessment. This framework is structured around five
core components: Technical Fluency, Data Acumen, Strategic Thinking, Execution
Excellence, and Leadership & Influence. Each element is rated using a scale of 1-5. Self-
assessment enables individuals to track their competencies and outlines the essential
competencies necessary for their further development.

T-Shaped Skills

Having T-shaped skills means you possess depth of knowledge in one specific area, and
in this case, it can be in one of the following fields: fintech or health. In addition, you
also have a breadth of knowledge in the different areas of Al, and this is the type of
person we try to create. The greater the alignment of the learning strategy with the area of
expertise of the PM, the better it will be.

The Learning Roadmap

The approach is to maintain a balance between theory and practice. The roadmap consists
of a structured part and an unstructured part. The unstructured part of the roadmap
consists of the PM's community engagement and various projects. The projects are
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designed to be the practical application of the theory learned in the structured part of the
roadmap. Stretch Opportunities.

Volunteering for cross-functional Al-related projects is one of the most effective ways to
gain new skills and increase visibility. Another good stretch opportunity is collaborating
with teams that assess Al vendor tools. Leading internal hackathons is another great
opportunity for visibility and learning, and serves as an excellent means for a company to
implement Al-driven innovations. There is much to gain from these experiences.

To effectively serve as a Product Manager for an Al-related product, it is crucial to
challenge yourself on a technical level, and there is no alternative to this kind of
experience. Remember these opportunities as you progress with the PM title for the next
couple of decades—provided you inquire what challenges you can take on the technical
side.

Which of the five competency pillars comes easiest to you? How can this be played as an
advantage in the functional shift to Al product management? 2. With a lot of Al concepts
and technologies to choose from, which ones are the most relevant to the products you
currently manage? What about the industry you are in? 3. What are some ways you can
obtain hands-on experience in your current position that involves Al, and how can that
experience be useful when you will be working as an Al product manager? 4.
Considering your network, who do you think can be great mentors, or learning peers as
you make this functional shift? 5. Lastly, how would you envision your success during
this transition at 6 months, at 12 months, and at 18 months? - Execution Excellence

Lasting Al roadmaps with integrated KPI frameworks
Model validation with focused experimentation

All aspects of risk (model, data, operational risk) as well as risk management are
addressed in the roadmaps

Unambiguous communication of model performance and uncertainty

Leadership & Influence

Interdisciplinary collaboration stemming from clear concepts and shared vocabulary
Psychological safety, and ethics around a high impact Al game

Constructing alliances and transforming the culture necessary for the adoption of high-
impact Al products

This self-assessment allows the reader to identify where they stand and what is required
to reach high-impact Al product leadership.
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Part III: The Transition Playbook — From Traditional to A1 PM
Chapter 4: Identifying AI Product Opportunities

In response to improvements in Al capabilities, organizations must modify their
foundational practices to fully exploit the range of novel, viable opportunities that Al
presents. This chapter illustrates how to implement such changes throughout the rest of
the product organization, in the context of changes that have already started to unfold at
leading companies. It teaches what to avoid as well as what to pursue, in the interest of
identifying potential Al opportunities, that are real and valuable, with impact.

With respect to the narrative context of the chapter, we look to Maya, a product leader at
a midsize SaaS company, who is considering meaningful ways in which her products
might serve users through the application of Al. Most of Maya's story—and the story of
many product leaders today—centers on the balance between a meaningful Al
contribution and narrowing the focus of decision-making to the vastly overstated Al
capabilities. The chapter references practices related to Causal Al, Consensus Al, and
other operationalization frameworks that help identify real problems wherein viable Al
opportunities lie buried treasure. The mindset of "solutions in search of a problem" is
counterproductive, prolongs the workflow, and often results in low user adoption because
the "enhanced experience" promises are largely unnecessary. The process should begin
with a detailed examination of the value chain in its entirety, identifying critical issues
and gaps, and distinguishing between and incomplete user needs. This is what product
managers do when they really want to understand the problem space.

Using a scoring framework that encompasses three critical aspects, the product managers
of a logistics firm, for instance, documented more than 200 operations (to this point)
misses opportunities such as delayed freight reconciliation and less than optimal route
planning. This established a problem-rich backlog that later on assisted their absence Al
frontier explorations. Complaint accommodation.

Al utilization opportunities for a hospitality company were twofold. One was dynamic
pricing, which needed a lot of data, as pricing Al could pull from 100 data sources and
reach a consensus result that 99 humans would. Pricing was a partially automatable task.
The other was guest complaint accommodation, which at the time was poorly aligned for
Al utilization.

Then the inquiries proposed were, What if the tasks that needed to be done were reframed
around the ways Al could assist? Optional Job 1 could be, "help members manage the
portion of the appearance economy." An Al system that suggests small talk topics to
users before they mask themselves as pleasant hosts would serve this optional job,
assuming it could be done without violating first-order rules of the intelligent
conversation.
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Directors of Product Management typically do not encounter the need to take a leap in
thinking patterns. The "AI Edge" stands apart from others in problem-solving paradigms
in the digital space. Performance improvements attributed to Al are not a result of
enhanced methodologies or improvements in other digital problem-solving tools;
enhancements stem exclusively from Al. The poorly understood Al displacement effect
in the digital economy has produced a number of scenarios where something is
demonstrated to be —AI optimized." Al shifts the "better" in the "better, faster, cheaper"
equation to problem solving in areas where its utility was once considered unimaginable.
The alternative of solving the problem of a 30-year-old consumer with a digital twin to
aid hazy vision, while possible, is "expensive and uneconomical." Al has a clear market
advantage. Steps to validate the business case are necessary to capture this advantage,
and that is the purpose of this set of reframings. Al has demonstrated utility in contexts
that other digital problem solvers in our arsenal do not.

Journey to Al Opportunities

04 Innovative gﬂg
Outcomes

d
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OS Al Integration

02 Challenge Transformation [_,_@_]
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Figure 4: From Problem Discovery to Al Opportunity Realization
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Indications of favorable opportunities include increased public interest in Al, the gradual
development of data infrastructure, the emergence of more certain regulations, and
trustworthy early advocates.

The motives of competitors are equally important. Here, we search for attractive
opportunities in Al-enabled products that have the potential to develop and sustain
competitive advantages, or moats.

McKinsey developed an opportunity assessment framework called IMPACT, which
evaluates potential and projected return on investment across six parameters, some of
which I have filled for the illustration that follows. The detailed cost-benefit framework
outlines the expected revenues and compares them with the costs involved in data
scraping, annotation pipeline, GPU clusters, machine learning engineering, and
estimating revenues. However, even if the analysis suggests positive net present value
today, the value will realize over the span of a few months or potentially years, and the
returns on the Al product will likely be on the far end of the stated expectations. After we
relegated the more dubious concepts to the largely imaginary realms of business dreams,
we were left with certain tangible risks and rewards.

In order to define some of the trade-offs made, we consider cost, the timeline to value,
and potential for intelligence as the three compensatory dimensions of the model. In
terms of cost, we made the following observations. Judging from the total value of the
IMPACT score, the model appears to offer value. Regardless, costs and benefits must be
evaluated in relation to the other. Customer service AI — The system enables ticket
resolution to be completed 60% faster and achieves 85% intent-classification accuracy
which operationally improves cost savings in support. Even so, while striving for more
precise models, accuracy becomes a double-edged sword as higher accuracy entails
longer inference processing time which lowers satisfaction on the level of the product.
The opposite is also true; aggressively optimizing for profit, say through more extreme
upsell recommendations, is a sure way to lower user trust as the upsell is perceived as
obnoxiously intrusive.

What I wish to communicate most of all, however, is that these constitute just two sides
of the same coin, and the ascending slope of that coin's edge is a balanced scorecard (or
metric portfolio) that allows us to work on product metrics alongside business metrics
without pushing ourselves into a conflict of interest— Support tickets operationalize
problems and help uncover what is and is not functioning within and across the
enterprise. They represent the best opportunity for elucidating problems that require
resolution. - Sales insights reflect the demand for unconstructed products. What problems
are customers asking us to solve that we are not solving? - Engineering inefficiencies are
the inner challenges the company can solve with its own technology. They highlight
operational processes within the company that are due for automation, a two-fold benefit
if we can automate using our own tools and technology. - The data team's assets— the
available datasets— are the foundational elements we have to create new models.
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Is it possible to outline them in a way that enables easy comprehension of our assets?
And can we confine data scientists with those data sets and some metallic vices to allow
them to work through some problems? For instance, in one media company, the Al
portfolio consisted of 10% long-term payoff bets, 30% strategic initiatives with a lesser
likelihood of success compared to the first category, and 60% quick wins. The axiom is
that any innovation lab that is not regularly producing substantial amounts of cash is not
performing innovation. Not everything in the lab is built, but visit any reasonable lab and
decent innovation is it is filled with bodies. I have not seen a zombie project in an
innovation lab. Al project governance building relies a lot on narrative theming. The

positive part about it is that once you have built it, you can consider it done.

Table 6: AI Opportunity Assessment Dimensions and Strategic Implications

Dimension Key Questions to Ask Example from Text
Problem Does Al solve a real gap or Logistics firm mapping 200+
Alignment invented problem? operational failures
Type of A.I Al-native or Al-enhanced? Dynamlc pricing vs complaint
Opportunity handling
Cost Do projected savings outweigh Customer service Al inference
Consideration model costs? trade-offs

Timeline to Value

Short-term or long-tail return?

IMPACT scores and delayed
NPV realization

Intelligence
Potential

Is ML core to the solution, or just
additive?

Consensus Al and Causal Al
frameworks

Data Readiness

Do we have proprietary, synthetic,
or user-generated data?

Clickstream and multimodal
signals

Competitive
Positioning

Moat-building or parity feature?

Market timing: pioneer vs fast
follower

Governance &
Trust

Is adoption aligned with user
expectations and regulation?

Accuracy vs inference latency
dilemma

Portfolio Balance

Do projects spread across risk tiers?

10/30/60 portfolio model
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Measuring the Success of AI Products: The Metrics That Matter

Revenue, conversion rate, and churn are the classic metrics used to measure the success
of digital products. With Al, however, the reality is more complex and the dimensions
more numerous. Each model has its own technical health, and the users® experience is
augmented, while the organization reaps strategic benefits that are not traversed through
the conventional garden of KPIs. A multi-layered combined metric approach is
warranted. The first basic tier involves metrics around user-centric interactions; task
completion, speed, accuracy, and user perceived quality. The next tier is the expected
business dimensions; revenue impact, cost-savings, market share, and lifetime user value.
The agonizing reality is that even if these two tiers are aligned—and they often are not—
there is the technical health of the models. This top level is extremely important and,
unfortunately, too often ignored.

The beginning point for evaluating leading versus lagging indicators for Al products is
important. Using a combination of different factors within composite metrics provides a
higher likelihood of positive product outcomes than simply relying on composite metrics.
However, many companies continue to evaluate success using a single metric, which is
often a revenue proxy. What is the issue with that? It hides the potential value an Al
system might generate. Any system might achieve the same success metric number for a
number of potentially different—and potentially very important—reasons that would be
invisible if only the surface number was examined. For example, two success metrics
might be indications of success that would be unsustainable, and one would represent a
much better version of the system with potentially catastrophic failsafe measures absent.
## The Al Opportunity Pipeline

The disciplined pipeline focuses Al initiatives, transforming a collection of ideas into a
consolidated, value-adding strategic portfolio. The companies we partner with come to
identify significant opportunities through a variety of sources: customer feedback,
support tickets, sales analytics, engineering backlogs, and even strategic analyses
performed by data scientists. For example, one large financial-services firm set up
monthly "AI Opportunity Workshops," which in six months resulted in over 50 qualified
opportunities.

The workshops and subsequent opportunity registry are examples of clearly defined
stages in the discovery process, and the pipeline fulfills a useful function and could serve
as a model for many companies. I will try to explain its function as simply and briefly as
possible before we turn to the specific findings within the workspace.
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Figure 5: Three-Tier Metric Model for Al Product Success
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Portfolio Balance

An Al portfolio will retain its health as long as it incorporates a mix of quick wins (low-
effort tasks that will generate immediate returns) and strategic bets that will enable long-
term differentiation, defensive actions to counter competition, capability builders that will
deepen technical expertise and value-added employment. For example, a media company
spent its Al budget as follows: 60% on quick wins, 30% on strategic bets and 10% on
capability building. such a portfolio would provide the means to maintain operational
flexibility, while preserving the ability to invest and build future positive strategic
options.

Governance

Strong governance will specify the conditions that must be met for each stage of the
process to move forward, assign decision making and define success and failure for each
stage. By specifying who has the authority to permit a move from prototype to full-scale
implementation, the line of control and accountability that governance is meant to
provide, remains intact.

Evolution of Ecommerce Personalization: A Case Study

Intensifying global competition for the ecommerce platform led a midsized fashion
ecommerce retailer to seek ways to improve ecommerce personalization. Mapping the
shopper journey across the platform revealed style matching, fit prediction, outfit
completion, and price sensitivity optimization as friction points. Al suitability
assessments determined style matching as high, fit prediction as moderate, outfit
completion as moderate, and price optimization as low, thus indicating which points to
target first. The target levels of prioritization utilizing the IMPACT (Intelligence, Market,
Practicality, Advantage, Cost-Benefit, and Timeline) framework the competition set
Scope and Sequence Tracking aligned at Opportunities. Wizard-of-Oz experimentation
—AIl simulation manual recommendation engines to the baseline proved conversion
improved 2.5 times and engagement increased 3 times. Based on the team‘s
encouragement, the successful MVP became enriched with content-based methods,
computer vision style extraction, and contextual cues around the weather and event
calendars. A new composite metric evaluating success of the product, the —Style Match
Score,| incorporated click-through, conversion, and returns reduction. In the Al system,
the precision of the model, tracked on the completion side, was accurate with very
important caveats, and on the Al side tracked closely.
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When analyzing "business metrics," we noted a 40 percent increase in revenue per user
and a 30 percent reduction in returns, in addition to positive customer satisfaction
metrics. The revenue uplift is considerable, and we captured a 30 percent reduction in
returns along with customer satisfaction metrics much higher than the industry average.
Furthermore, we identified a number of excellent new opportunities from visual search to
applying our Al to serve as an online stylist. There is one last point we want to
emphasize. While the "Style Match Score" may be a new type of score, the Al/e-
commerce opportunity is still fundamentally within a traditional e-commerce scorecard
framework. The reason is that most of the scorecard for any e-commerce site is still
comprised of traditional metrics. Even in the e-commerce site where we conducted this
work, traditional metrics dominated. Surpassing Al through layered metrics, along with
the clear and precise articulation of layered metrics, will remain the linchpin of
sustainable competitive advantage.

This chapter provided you with frameworks and strategies aimed at spotting and
assessing possible Al prospects. You learned to concentrate on problems and not the
technology, assess Al-Product-Market Fit, prioritize with the IMPACT framework,
determine complete success metrics, and construct systematic opportunity pipelines while
defining and building. Unlike assessing Al opportunities, which can be understood as a
one-time evaluation, the opportunity scenario described above is ongoing. This is because
more advanced Al technologies can tackle problems that previously were not possible.
As the Al technologies in your company mature, more challenging problems will be
possible to solve. Still, as you complete a more advanced Al problem, there will be user
feedback and data. These will provide a new perspective on the Al problem, and new
opportunities will emerge that can be solved with Al. Optimism must be tempered with
caution. Not all problems will be solved with Al. For the appropriate problems, Al will
offer a number of high rewards. You are the product manager. Find the right problems.

Reflection Questions:

1. What are the top three problems in your product domain that might be suitable for Al
solutions?

2. How would you assess Al-Product-Market Fit for your current product or a product
you're familiar with?

3. What data assets does your organization have that might be underutilized for Al
applications?

4. Which Quick Win Opportunities will Help in Building Organizational Confidence and
Capabilities within AI?
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5. How would you propose a measurement framework that integrates model, product, and
business metrics for an Al feature?

? Personalized
3 Strategies

Evolution of Al in Ecommerce Personalization

c Increased Sales &
- Loyalty

S

4 Improved Customer
Satisfaction

2 Enhanced Data
Analysis

> 1 Initial Al Integration
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Table 7: Al Suitability and Prioritization of Personalization Use Cases

Personalization Use Al IMPACT Notes/Actions
Case Suitability | Priority Level
. . . First MVP focus; CV &
Style Matching High Highest contextual cues added
Fit Prediction Moderate  |Medium Consider secondary rollout
phase
Outfit Completion Moderate Medium Enhancements after MVP
success
Price Sensitivity Low Lowest Not prioritized initially
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Chapter 5: Navigating Your Career Transition

For twelve years, Sarah had a successful career as a product manager, specializing in the
launch of B2B SaaS products. As she began scanning job postings, however, she began to
encounter a disconcerting trend: AI/ML experience seemed to be a requirement for nearly
every senior PM position she came across. It felt like a catch-22: to get an Al PM
position, she needed experience, but to get the experience she needed an Al PM position.
How could Sarah break this cycle in order to pivot into Al product management?

This chapter aims to provide a practical roadmap to assist you in this transition. We will
focus on developing Al credentials, strategically positioning for opportunities, job market
navigation, and thriving in the first role as an Al PM. For those with an internal transition
in mind or looking for a new opportunity, this chapter will enable you to plan your next
steps.

Interview Preparation and Success

It is important to prepare for AI PM interviews. Beyond the PM competencies, a large
emphasis is placed on "AI thinking". As preparation, for the upcoming sections, a case
framework is advisable. Note the following: 1. Understand the Given State - Clarifying
questions should aim to understand the product, the user goals, and the data landscape. 2.
Determine the Core Problem - Identify the friction point, the QPMs reflecting the pain,
and where Als can achieve significant lifts. 3. Propose Al Solutions - Consider the Action
(build, buy, partner) for the proposed solution that is ethical for you and the company.
Risk-Integrity Considerations- Assess biases in the data, model drift, compliance, and
operational gaps. This framework and its application to multiple disciplines (healthcare,
supply chain, content moderation) signals breadth in the candidate‘s thinking. ## Sample
Case Structure in Action

Scenario: An online marketplace is experiencing an issue with cart abandonment. -
Current State: 45% of users per session abandon a cart, the site is barely personalized,
and there is rich clickstream data.

- Issue: End users are experiencing irrelevant product recommendations during the final
stage of the purchase journey. - Al Solution: Implementation of a real-time collaborative
filtering system enhanced with contextual inputs (e.g., time of day, type of device). -
Implementation: A/B testing and hyperparameter optimization. - Key Performance
Indicators: Aiming for a 10% decrease in abandonment rates, and does the algorithm
provide a new recommendation in less than 200ms? - Challenges: New user sparsity,
privacy concerns, and lack of system transparency for the users. Confidence in delivery
indicates product sense and Al proficiency. Despite seamless communication of Al
principles being a universal expectation across roles, even the most technical positions in
artificial intelligence differ from what product managers not trained in Al assume.
Nevertheless, in previous Al projects, product vision and strategy fundamentally relied

on chance and ill-structured guidance from stakeholders. The objective of this section is
to offer the reader a collection of mental models to conceptualize the scenarios described
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and to conduct interviews more effectively. This is especially important for stakeholders
not just in the context of managing expectations from others, but also in delivering
results.

The ability to carry out such communication demonstrates to interviewers that the
applicant could bridge the gap between engineering and business.

Learning and Curating a Portfolio

Interviews can serve as a living résumé if interviewers can scrutinize a candidate's
portfolio, which consists of certificates, blog posts, demos of prototypes, and
contributions to the community. Candidates should create personal websites to help
assemble their portfolios. Artifacts included in the portfolio can be contextualized with a
summary, metrics that demonstrate success, and links to source code or presentations.
When candidates integrated the portfolio into the interview, walking interviewers through
their explanations (e.g., —This no-code GPT-3 prototype reduced copy-creation time by
70%I), it showed the interviewers that the candidates possessed some knowledge of the
field. This improves the candidate's chances that the interviewers might consider them a
potential candidate.

Covering Key Thoughts for a Vote of Confidence

In situations of diminishing self-worth (such as moments when a candidate considers
whether an interviewer would perceive them to lack experience with certain deep
learning frameworks), a candidate has to move to think about three key ideas that would
help them bridge to the candidates side of the table. These ideas view the experience
gaps as potential growth for the candidate as well as the organizations with which they
may interface.

Learning the Company Al Strategy

As part of interview preparation, candidates should conduct a thorough analysis of the
company in question. Focus on the company‘s Al initiatives and offerings closely. This
will provide a foundation of knowledge on which to base interview questions related to
the company‘s Al utilization and implementation. This is the goal of company Al
strategy analysis.

Accomplishing in the Initial Al PM Position

Earning the right to perform in this role is just the first step. Once I get the position
there‘s the first few months uncertainty, and for the first time, I will have to deal with
challenges, which come with the territory of being a product manager at the intersection
of ML, AI, and human being. I have spent years trying to reframing many of the
challenges and investigating what the real issues are that are causing friction for the
product teams. Here are a couple of challenges that I focused on. They are not all there is,
and not all focused. They are representative of the kind of things I need to deal with and
get past for me to allow myself to —make myself comfortablel in the role.
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It‘s a relief that the recommended principles and approaches are designed to assist in
overcoming imposter syndrome and creating learning routines—quite like the work
routine of an Al PM.

Dealing with Imposter Syndrome

In my earlier days here, as I scanned the room, I took note not only of the impressive
achievements in the room but also of the people who designed and developed the Al tools
and capabilities I aspire to. Such passive, up-down glancing definitely does not help with
the feeling of PM competence. But as I stare into the endless row of loopback visuals and
the self-affirming pep talks, the reality is not that [ am pretending to be someone like
Davy for the team and for myself. It‘s that, far more than being a master of the Al
algorithms, I need to be a product champion.

Technical Communication SKkills

Improved Communication: Crafting a polished _AI Sprint Summary* that articulates the
strategy and implications of a given technical status.

Stakeholder Cue-Reading: Recognizing when executives are more focused on risk
mitigation than performance and adjusting the communication.

Analogical Framing: Drawing on everyday experiences, e.g., explaining model drift as
—seasonal changes in user preferences, | to illustrate an abstract idea.

Creating Visual Narratives: Constructing slide decks that integrate data flow
visualization, decision boundary modeling, and anticipated ROI into a singular coherent
illustration.

Addressing Al Product Development Challenges

Al Product Managers must adopt an agile experimentation rhythm by constructing short-
ranging hypotheses, determining success goals, and adjusting with evidence.
Development cultures must be resilient, especially with Al in the workplace.
Organizations must maintain cultures of creativity and exploration in Al, defining the
external technology offered by most businesses. This involves understanding the most
effective Al models can fail if user experience is overlooked. For any Al Product
Manager, it is critical that all model outputs result in valuable, meaningful, and intuitive
interface intersections. This championing of user experience will, and must, be deeper, as
the following discussions will reveal. Al Product Manager Path to Royalty and
Recognition

For foundational transitions, knowing how to identify and follow the path forward is
critical. However, for those seeking to establish themselves in this emerging domain and
for the benefits that will follow a predictable career trajectory, what is this trajectory?

Al Product Manager Role Differentiation

The AI Product Manager role is the successor to the Product Manager role, and
increasingly, to the bye-bye principle that will dominate the field of product-led Al.
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An individual cannot manage Al products from a portfolio without a range of Als if one
is to build a persuasive case. Goodbye to teams who build a product and who build a
portfolio of products that could be Al. Hello, teams that can choose between a product
that integrates Al and one that makes a stronger case for its existence. Nevertheless, the
pathways for the Al PM role still require some attention. _Till you investors part with
your dollars. ## Emergence of New Roles at the Intersection of Al and Product

New roles are beginning to emerge as the integration of artificial intelligence into
businesses advances. Three of these roles could be named as follows:

Al Product Strategy Lead: This role is intended to create long-reaching and impactful Al
roadmaps that incorporate not only the company‘s present Al-enabled products but also
the future Al-enabled products. This is a coordinative role that requires a unique set of
enterprise-wide vision, integration of enterprise strategy, and marketplace insight.

The position of an Al Ethics Officer stands as one of the most critical for any
organization. Failing to consider the ethical implications when implementing Al
technologies can inflict serious and lasting damage. Because of this, the position is
crucial to the organization. An Al Ethics Officer is responsible for operational decisions
related to the organization‘s Al product suite for the coming months. Moreover, these
decisions are of great importance since they have an impact on the organization‘s
reputation, liability risk, and operational performance.

Al Product Operations Manager: One does not consider Al a one-off undertaking but
rather a build and continually improve endeavor. When —iterationl is considered, the
promise of the model‘s performance, and subsequently the value created by the model,
must be relentlessly tracked. In this respect, the manager must guarantee that the Al‘s
governance and operational excellence are incorporated within the organization.

Developing a Personal Al Product Management Brand

Every successful career is built on and revolves around a personal brand that is
understood and articulated. For an Al product manager, this is more critical than ever.
Not only is it pivotal for career advancement and the manager‘s personal journey, but for
the product manager, the brand is essential for establishing industry thought leadership
and for the late career and senior Al product manager positions, which is critical for
brand influencing on individuals who currently look up to you. With this in mind, which
activities is the product manager able to do to build this brand?

Table 8 — Core Activities for Al PM Personal Branding

Activity Area Key Actions Purpose
Thought Write articles, post insights, share case Build authority and
Leadership studies visibility

. . Webinars, panels, podcasts, Position yourself as an
Public Speaking internal/external talks industry voice
Online Presence Consistent posts on LinkedIn, X, Medium, |Reinforce your brand
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Activity Area Key Actions Purpose

personal site identity

Work Showcase Share shipped Al features, use cases, Demonst.ra.t? real impact
outcomes and credibility

Mentorship & Guide others, join Al communities, Expand influence and

Networking connect with peers relationships

Collaboration Co-author content, join advisory groups, Build‘aqthority by
partner on whitepapers association

Domain Focus on a niche (e.g., Alin Become the —go-tol

Positioning fintech/health/enterprise) expert in a vertical

Teaching & Create workshops, courses, templates, Translate expertise into

Frameworks playbooks leadership

Consistent Comment on trends, review launches, Stay relevant and

Visibility share breakdowns recognizable

Personal Narrative Deﬁnq philosophy, positioning, and Creat'e amemorable
expertise focus identity

Start by Speaking

The most effective method for establishing a personal brand within the Al product
management sector is public speaking at industry conferences.

What better way to start off one‘s journey working on a personal brand as an Al product
manager than to give a talk on Al at a prominent venue? In my opinion, if you have had
the opportunity to give a talk on —Bridging Product Strategy and Large Language Model
Deployment,l you have started your journey becoming recognized as a speaker at
conferences. The transition from product management to Al product management
requires a significant shift. Understanding the structure and function of existing products
and current product management is not enough. Product Managers have to learn a
sophisticated model's limitations and potentials. How should we go about cultivating that
knowledge first for ourselves as we pivot, and for the rest of us for those not fortunate
enough to lead Al teams, the rest of the organization?

Prior experience is an advantage for the incumbent product manager in this transition
because an Al product manager still requires knowledge about market demands, product
lifecycle, and stakeholder management. These are aspects that sophisticated models can
unlock significant business value. Having an understanding of these areas, or better yet,
having worked in these situations, creates a significant advantage for the transitioner.

Constructing a personal brand, seizing the appropriate internal and external opportunities,
and acing the interview allows the candidate to transform ambition into accomplishment
when she shifts from PM to an Al PM. Since this promotion entails an upward shift in a
number of competencies, the aspiring Al PM must execute the transition as a well-
defined road map, with each step in the sequence encouraging the subsequent step. It is
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useful to identify three stages. The first is the brand stage (you are what others say you
are), followed by a stage of fundamental or experiential learning (you know what you
need to know), and the final is the networking stage (people help you where you need to
£0).

Transition to Al Project Management

0
@ I’, \\\ 0 I/’ \\\ l,’ \\\ I/, \\\

Skill Methodology Adaptation Al Project
FoHiEEn Development Integration Adjustto the Management
establisheq Acquire Al and data Incorporate Al into changing Al Al-driven, efficient
methodologies science skills project workflows landscape project execution

Figure 6 — Roadmap for Transition: PM — Al PM
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Chapter 6: Strategic Thinking for AI Products

Defining Your Strategic Position for Al

Before Al can transition from a tactical addon to a pillar of a company‘s competitive
advantage, the organization needs to clarify the role Al plays within the overall business
strategy. This step forces leaders to go beyond the superficial excitement of Al as merely
a "shiny object" and gain the fortitude to grapple with the tradeoffs for distinguishing the
capabilities that were genuinely transformative for the company‘s market position from
those that were merely sustaining, defending, or operational. If this tradeoff cannot be
made meaningfully, Al investments will stack up similarly to those made in Go Daddy or
Yahoo over the past decade, where over the value of customer web interfaces were
provided or as CIliff Cipper pointed out with associated failure modes, "crying at the
Excel sheets."

Case Studies in Progress

Value-creating Al implementations build real strategic value for market leaders today.
Understanding the strategic rationale in the context of one's organization can go a long
way in ensuring that the same rationale doesn't become a recipe for failure in another
organization. This is, of course, a function of the diversity of the corporate landscape.

Thus, our team prepared a case study of a nationwide grocery chain that attempts to
answer not just the what with regard to the four initiatives that the corporation chose to
invest in, but also the why with regard to the underlying business pressures that informed
selection and the decision-making processes that followed.

Our analysis examines this firm through both an inside-out and an outside-in approach.
An outside-in analysis seeks to determine the firm‘s position along the value chain, while
an inside-out analysis clarifies the advanced applications and business value realignment
the firm can achieve through the use of deep learning on different datasets and the
reasons some applications won‘t derive real business value. Fast-Follower Timing.

From the perspective of the matrix's insights, strategic timing also significantly
influences the outcome. A first mover can secure network effects and capture the most
talent, but they also face and bear greater risks and uncertainties than a fast-follower. A
fast-follower can take on the architectures, so they accrue a net-positive experience, a
proof of concept, and a roadmap for avoiding error-mitigation. So, is there any situation
in which a first mover does not incur exceptionally high costs? When the first mover is
rapidly building a competitive advantage, there is also a payment for talent. First-mover
teams, by the very nature of the mission, attract the kind of talent that could work
anywhere but chooses to join the first mover because of the meaningful impact they can
achieve. The first mover‘s finances even allude to a more aggressive talent-acquisition
strategy.

A first-mover must retain substantially more cash over a much longer period compared to
a fast-follower. Ultimately, fast-followers do not face any of those premiums. However,
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consider again the first-mover's dimension of moat speed. That is a not tenable trade-off
for a situation where time is of the essence. Then, there is the follow-on question as to
why the payments for the talent a first-mover has to pay seem to go unconsidered within
moat speed. Al Services of Fundamental Importance: Unlike vertical-specific
applications, Core Al Services utilize powerful, reusable model families (e.g., vision
encoders and language embeddings) and serve as the common infrastructure for a set of
applications that operate within an assigned domain. Under this umbrella are four
principal downstream capabilities: a recommendation engine that acts on content
embeddings, automated genre identification and categorization, a moderation suite that
ensures policy compliance, lightning-fast inference engines, and real-time audience
monitoring for advertiser matching.

The media company that serves up these four _real-world® applications has achieved,
somewhat of a side effect, a 30 percent reduction in time taken to (re)develop each new
applications. The platform acts like a central hub, the infrastructure that etiquette serves
across applications respects the audience and keeps humans in moderation, thereby
achieving. ### Designing and Governing with APIs.

When an organization sets out to govern and design with APIs, it assures that the
functionality of artificial intelligence will surely be discoverable, sufficiently versioned,
and admirably consumable across the many, oftentimes, diverse, product-teams in an
organization. And this is a good thing, for in the not too distant past, many a product team
cordoned off its artificial intelligence behind closed doors, serving a few customers, and
those fortunate enough to land inside the gated community.

This is not the case for the governance of artificial intelligence APIs, which is now
accessible to the public. The APIs are designed in such a way that governance removes
any liability that users may cause. The APIs come with scorecards, dashboards, and
monitoring systems; ethical governance is quickly activated whenever a risk to the users
in the not-too-distant past is present. The financial perspective in Al and the expected
return shapes the coherent Al strategy framework for in-house development, market
purchase, or strategic alliance. The AI strategy includes real-world examples that
illustrate the various strategic options.

In the first example, a streaming service is trying to solve a recommendation engine
problem. The recommendation engine is a core component of the user experience, and
thus its strategic importance is very high. Streaming services operate at the big data scale,
which translates into a substantial amount of data at their disposal. They have numerous
highly skilled machine learning researchers, which raises the question of whether a
solution should be built in-house.

The following situation illustrates a chatbot issue for a regional bank. The value of bank
data and the strategic importance of this data can be evaluated. While a recommendation
system is strategically important, a chatbot can be seen as customer service on the "Al in
the Wild" continuum. However, if one assesses the difference between an FAQ and the
service a customer expects from a well-trained digital agent, it becomes apparent the
bank has generated almost no data advantage. Furthermore, the bank's finances were
tight, which meant the optimal approach, with little risk, was to purchase a solution to
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this "not-so-strategically important" problem. Execution discipline is what differentiates
large-scale transformations from short-term pilots. The Phased Execution Model consists
of four sequentially defined steps, each with defined success criteria. This approach is the
not-so-secret sauce for unleashing Al at scale in our client companies. Allow me to
explain this in more detail:

Pilot:

This is a small-scale, controlled staging area for a new Al application.The most
convincing pilot can show that some aspect of the previous best solution has been greatly
improved upon and that so 'best solution' metrics exist to measure Al impact. But what is
meant by success? In our context and for an Al application, success must include
acceptable accuracy (over 90% cut-off for most applications) while not hindering user
experience (latency must be kept under 200 milliseconds, with some stakeholders
pushing for 100 milliseconds).

Table 9 — Success Metrics for an Al Pilot Deployment

Dimension Success Indicator | Benchmark / Target Rationale
Ensures reliability
> 0,
Accuracy Model performance |>90% and trust in output
. <200 ms (ideal: <100 |Maintains seamless
Latency Response time .
ms) user experience
Comparative Improvement over Significant upliftin Demonstrates ROI
: . performance or
Value previous solution . and relevance
efficiency
Controlled Limited users / limited Enableg safe
Scope . evaluation before
environment features
scale
Measurement Metrics established | Agreed KPIs and Ensures clarity and
Framework pre-launch observable impact accountability
Scale:

After passing the pilot test, we take our working application and attempt to deploy it to a
substantially larger range of issues (including thousands of products instead of a handful).
At this stage, we also attempt to achieve far greater operational reliability. This might
entail deploying the application to random —testl problems that people cannot solve—
analogous to a digital sacred cow sign to the local squirrel army, if you get my drift. In
the insurance claims processing sector, Al posed a challenge as a substitution rather than
a replacement. To this leader, "Al isn't about robots taking jobs. It's about the jobs that
people simply can‘t do themselves within the required speed and scale. That's what
happens when you dumb down a job. You take work that an intelligent human ought to
do and replace it with a human in the loop, which is what we have in Al today." He
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emphasizes the critical importance of the adjuster in maintaining an accurate model. His
team has been driving for speed, reaching something close to an 80% accuracy model.

The human adjuster accounts for the final 20%, as Travel Aggregator's data strategy
helps in overcoming the challenges associated with personalizing customer experience.
The travel aggregator has data stratification as follows:

Strategic Data — Information concerning high-value exclusive users, including search
queries, click-throughs, and confirmation of bookings. This data serves as the basis for
the platform's efforts in personalizing travel itineraries in a meaningful and contextually
relevant manner to the users.

Operational Data — This pertains to the data required by the platform to operate
effectively on a daily basis, for instance, real-time updates on room availability and
fluctuating pricing. This data, while important in its own right, does not constitute
"smart" data or the "secret sauce" that enables a platform to outsmart its competitors.

Public Data — Information which is available for free and can (along with the platform's
closed data) help ensure that the recommendations it provides are as pertinent as possible.
Weather predictions and details about local events available to the public are examples of
this type of data. #### Effects of Data Networks

When user engagements produce more training data, it creates a self-reinforcing loop.
This redundancy is simple, yet powerful: the more advanced your model, the better it
performs the teaching tasks, which, in turn, increases the amount of model training data
and tasks of service and training data.

Partnerships in Data

When acquiring data, partnerships may change the strategy. A fintech startup teamed up
with regional banks to acquire streams of anonymized transaction data. Instead of
pursuing aggressive data strategies or relying solely on synthetic data, the fintech startup
gained access to streams of real data. These were not the fake data generating algorithms
that feed our society's online browsers with half baked, sometimes not at all baked, ideas.
Such data were built in real time to real finacial transactions by real individuals. And, to
this point, the startup has using these data to help it carve its way to a hard-to-reach Al
moat. Al Monetization Consequently, large firms frequently possess an inordinate portion
of talented engineers, which gives them a strategic edge in artificial intelligence. But
smaller firms can push back through: Un rivaled, intense specialization—that is, an
ironclad focus on a narrow niche where they have deep, proprietary expertise. (Focusing
fiercely on a narrow niche, knowing it inside and out, can compensate for not knowing
Al at the level of, say, a Google.) Enlisting the help of the community in unique ways
that allow for collaboration with uniquely talented partners—the sort of "open-source-
ish" collaboration that is increasingly necessary in the rapidly changing world of Al.
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Collaborating in pairs creates a robust unified presence. Each strong partner brings
different skills to the game.

Every one of these methods allows smaller companies to balance the discrepancy
regarding talent, one of the few resources that distinguishes one firm from another.
Transformations in opportunities of significance are a result of strategic Al. To simplify,
Al is a highly sophisticated CUR-OM. CUR-OMs are capable of optimizing business
processes and driving efficiency to help net margins. However, Al as a CUR-OM is not a
true business transformer. Why? Because it lacks the next level of abstraction (a layer in
the tech stack) and the kind of open opportunities that semantics provides. There are, in
fact, serious conceptual gaps that need to be filled in the contexts in which one might
look to apply Als. The best way to address these contextual gaps is to build platforms—
things that can furnish the required contextual assignments and, therefore, opportunities
for significantly business transformations. The AI Capability Stack described in the
report captures these thematic issues more accurately. At a layer above the CUR-OM, it
describes prospective platform opportunities with Als that address issues a layer above
the business process level.

What are your considerations when deciding whether to build or buy an AI component
relevant to your offering? What data resources provide long-term competitive advantage
regarding this component? In what ways will your overall Al strategy remain defensible
compared to other players in the market, considering the underlying technologies are
becoming more commoditized?
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Part IV: Agentic Commerce — The Future of E-commerce
Chapter 7: Understanding Agentic Commerce — The
Next Wave

Maria holds the title Chief Product Officer of an online fashion platform and rapidly
growing company. She was monitoring the live feed on her dashboard. An autonomous
piece of software was performing all of her e-commerce tasks. It was applying her stored
style preferences. It negotiated a bulk discount with a supplier in a few virtual
agreements. It performed minor miracles to arrange for same-day delivery of the orders
placed.

With the last piece of software wizardry, the confirmation screen popped up for her to
view. "This changes everything," she told herself. "But what precisely does it change to?"
Those couple of sentences encapsulated, for me, the essence of "agentic commerce," a
term the authors use to describe the transformation of e-commerce. Indeed, there will be
new models of businesses and new forms competitive of strategies. However, at the core,
what "agentic commerce" describes is the understanding that what is taking place in the
digital marketplace is the deep and profound reinvention of the human-to-human relation
underpinning all commerce. The leap to agentic commerce, while it is often regarded as
the simple next step of e-commerce moving to artificial intelligence, is, at the center, a
radically new conception of and approach to executing commercial transactions. Along
with the quite justifiable explanation of moving from static e-commerce to Al-enhanced

systems, the story of "better tools for better decisions," needs to be radically rethought, as
well as a whole range of purportedly "inevitable" results that accompany the development
of artificial intelligence. All of it needs to be clearly disentangled for the record, to show
what is actually going on.

Transitioning from human interactions to software interactions, particularly in e-
commerce, is one form of automation. A more complex evolution is expanding the
capabilities of software from executing simple commands to displaying true agency,
often referred to as "intelligence." This concept is the focus of "A Tale of Two Theories
of AL" An Al-enhanced recommender system can suggest three models based on
previous purchasing behavior, but ultimately, it is the user that clicks "Buy." Consider an
"autonomous shopping agent" that is tasked not merely to monitor but is expected to
understand the nuances of a user's project as revealed by the variables in its "knowledge
graph." The shopping agent infers from numerous real-time signals that it is operating
under a budgetary constraint and from the corporate knowledge graph that price
fluctuations are encoded in real-time, the agent may enact budgetary policies. The agent
determines the optimal configuration, negotiates a bulk discount, and makes
arrangements for on-site installation, and post-purchase service that is, for all practical
purposes, unfettered and unobtrusive.

Understanding the progression of situation agents can be conceptualized as a —maturity
model.l Level 4 agents are nascent but rapidly gaining footholds within high-profit
sectors such as travel, fashion, and enterprise procurement. They are the first major trial
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of self-sufficient agents employing contextual negotiation as their core mechanism for
goal attainment. Though currently under development, Level 5 agents can be expected
within the next decade. We will likely witness the emergence of useful versions across
many fields within 5 to 10 years. What will it take to get there? To get there, a lot will
need to change—current market and regulatory conditions may need to be adjusted for
agentic commerce to be a market reality. The OFRs will need to address these four core
components. To start, large language models (LLMs) such as GPT-4 and PalLM-2, are
currently the best, most advanced tools for producing contextually relevant pieces of text.
To an increasing degree, they also excel in transforming intricate human intentions into
parallel structures (mathematics, logic, etc.) that can be manipulated by computer
algorithms.

Agents analyze these graphs as a means of checking adherence to compliance (such as
age-restricted sales). These agents may analyze these graphs to maintain personal ethical
principles—for example, refusing to purchase animal-tested products. This same analysis
allows agents to find unexplored linkages, such as additional items that pair with a user‘s
primary purchase. Multi-Agent Systems — When you host a party for Siri, Alexa, or
Google Home, you are doing it with a set of agents that constitute the —reall Siri, Alexa
and Google Home. Why? Because Siri, Alexa, and Google Home are not a multi-agent
system. But what if they were?

Imagine living within a virtual world that contains real agents, buyers, and sellers in
addition to the virtual entities. How do you think the real agents would negotiate your
real contracts? Would it have to do with a contract net, an auction mechanism, or both?
Would they do it sequentially, or would they do it in parallel? Would they do it without
real agency? On the other hand, if real agents contract with virtual ones, what do you
think will happen when the singularity comes, and our virtual lives become
indistinguishable from reality itself? Would real humans still be ethical in the same way
that real agents are?

The Customer Journey: From Static to Dynamic

In the traditional model, the customer journey consists of distinct phases, and it is often
compared to an automobile assembly line. Agents do not work on behalf of the customer
during particular phases, or stop the customer during specific phases. They work with
cleverness and intelligence throughout the entire journey, continuously, without stopping.

Ambient Awareness

Think about the moment of discovery. In the old world, it was something people did
intentionally: going to a search engine, entering a query, or browsing through a static
digital storefront. In the agentic world, it shifts to the ambient awareness state—
opportunities are always presenting themselves because someone or something is
conscious on your behalf. This is, certainly, the seller's agent being conscious in the
product ecosystem for the seller. But where is the buyer's agent? This same moment of
discovery, in its ambient awareness state, constitutes a moment when your buyer's agent
is conscious on your behalf, in the product ecosystem, as well. If one were to disregard
the product ecosystem's state—those exhausted, burnt out sellers, and the toll it takes on
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them—one might find the situation ironically sweet. Take, for example, a user in the
scenario where they are buying a car. The user's agent handles negotiations with the
dealer, analyzes financing options, and even selects an insurance policy that is bundled
with the car purchase. All of this is done within the user's price constraints, alongside
their "maximum monthly outlay," to respect their comfort level.

Affordance applies to this instance as an optimization narrative situated within user-agent
interactions along the maximum and minimum spectrum. There is also the reverse case of
the agent picking a car in a physio space. The agent narrative involves car selection and
narrative coverage as it unfolds within the user‘s comfort zone. The agent is concerned
with efficient financial budgeting from the user, while within the car purchasing domain,
the user is assumed to enjoy the freedom in everyday life organization within the car‘s
pre- or post-purchase scenarios. Decision fatigue and the paradox of choice in everyday
situations: Research indicated that consumers tend to streamline the choice of a
hypothesized automobile. Given the cognitive overload linked to choice, the agency
moves to provide digital personal assistants that streamline a set of alternatives and make
autonomous decisions on the user‘s behalf.

Subscription economy: The rise of subscription services—encompassing not only audio
and video streaming platforms but also meal kits and various other products and
services—shows a startling change in consumer behavior: We have become comfortable
with automated and repeat payments, even to the —set it and forget itl degree. Time
poverty: As numerous surveys and studies have suggested, —having more free timel is an
important life objective for most individuals. The broad acceptance of digital personal
assistants is a testament to the desire to have such time-saving technologies. Platform
dynamics: E-commerce giants, such as Amazon and Google, have a newfound interest in
making e-commerce players work to their advantage. They are not only building the APIs
(application program interfaces) that will enable personal assistants to do automated tasks
for us, but also developing Al —solutionsl that will serve as e-commerce assistant APIs
for marketplace sellers. Generational shifts: Each generation, from the baby boomers to
the current Gen Z, has increasingly embraced e-commerce.

Consumers of Al incident response services are increasingly Al mediated frictionless
market experiences offered in real time. For Al anchored frictionless experiences in the
market mediated by passes offered at destination market hotspots, the decision is made in
real time and may take the form of a pay-or-don't-pass transaction. A pay-or-don't-pass
transaction that can be processed in a matter of seconds involves the use of real time
ultra-granular API application programming interfaces. Our buyer agents enable real-time
purchase and fulfillment in a transaction setup. For fulfillment real-time AI anchored
frictionless experiences in the market mediated by passes offered at destination market
hotspots, the decision is made in real time and may take the form of a pay-or-don't-pass
transaction. In a matter of seconds, the use of real time ultra-granular API application
programming interfaces enables the setup of a pay-or-don't-pass transaction that can be
processed in seconds. A control over fulfillment out of the digital storefront enables
fueling transactions in the physical market and vice versa. In interacting and transaction
control, the digital storefront enable infusion of fulfillment in transactions in the physical
market. Al systems are enabled-interactive self-service. In self-service Al systems are
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transaction enabled interactive self-service. In self-service owed systems Al are
interactive self-service.

These adaptations also point toward a more fundamental shift. Incumbents that cling to
rigid, archaic systems will become obsolete, much like antiquated EFAX and paging
services. The remaining market players that create modular, interoperable, agent-capable
ecosystems of their platforms will become significantly more successful as the pace
quickens and the same song of the —reliable, adaptable, understandablel platforms is
played in the rest of the commercial world. Automation in Corporate Procurement
(Coupa, Ariba) B2B systems provide purchasing agents that are fairly autonomous and
rule-based. They administer the purchase requests and manage their approval for
procurement. They negotiate with suppliers and reconcile purchase orders and invoices.
They are, arguably, more effective than comparable systems in the B2C domain. These
systems possess a sophisticated architecture with the ability to perform a range of tasks
and functions that border on autonomy. This leads us to the central question of this study:
how do they achieve this and what does it signify regarding the leap of autonomous agent
capabilities from one industry to another? This part of the study analyzes the tasks
procurement platforms and their agents perform and how they do it.

What happens if those agents were to fail? On the other hand, brokerage agents might
begin to function as intermediaries that aggregate demand and recalibrate competitive
equilibria. This statement highlights a possible concern that calls for interdisciplinary
collaboration between the concerned technologists, ethicists, regulators, and business
strategists involved in this emerging agentic revolution.

The Agentic Revolution: A Whole New Level

By shifting agency from the human consumer to autonomous Al agents, agentic
commerce performs an unprecedented transformation of the digital economy. We are
completely rethinking the customer journey, from a series of discrete, manual actions to
fluid, proactive, and constantly optimized interactions with a digital environment. The
required technology for this level of interaction exists and includes large language
models, computer vision, reinforcement learning, knowledge graphs, edge computing,
etc. The marketplace, brand, and retail spaces are also ripe for innovation and
experimentation.

At what stage of development in the domain of understanding agentic revolutions does
your organization function? What needs to take place for advancement to happen? -
Which stage of your customer journey critique does your automation agent assist the
best? - What proprietary information or competencies does your organization possess that
can support your organization in agentic commerce? - In what ways does agentic
commerce radically change your business model? - What factors would provide your
agent users the confidence to allow the agent to act on their behalf?
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Table 10 — Organizational Readiness for Agentic Commerce

Strategic . c L.
Dimension Key Question Purpose / Implication
At what st f ti . .
. what stage ot agentic Identifies the baseline for
Maturity Level understanding does your . ) .
.. innovation adoption
organization currently operate?
Advancement What must occur for progression |Defines capabilities, investments,
Needs to the next maturity tier? or partnerships required
Customer Which phase of your customer  |Highlights immediate use cases
Journey experience is most enhanced by  |(e.g., discovery, decision-making,
Integration autonomous agents? support, checkout)
hat uni t t s
Proprietary Wha unique data, systems, or Ensures defensibility and
competencies can power your . .
Advantage . differentiation
agentic ecosystem?
. How does agentic commerce Encourages rethinking pricing,
Business Model £ & e p &
. reshape your revenue streams, ownership, operations, and
Evolution . .
value chain, or channels? service layers
What enables customers to let Addresses transparency,
User Trust & K bili .7 d
Control agents make autonomous accountability, permissions, an

decisions on their behalf?

safety mechanisms
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Chapter 8: Becoming an Al-Driven E-commerce
Product Manager through Agentic Commerce

Introduction

Rachel entered the e-commerce industry as a junior product manager after completing a
marketing internship. During her five years there, she led the launch of three seasonal
collections, improved some of the customer experience checkout flows, and led the
creation of a data-driven pricing engine that increased gross merchandise value by 12%.
In this latest chapter of her career—reason for inclusion will become obvious shortly—
Rachel is tackling an unreached frontier of e-commerce: ai agents that can style entire
wardrobes, predict when prices will drop, and forecast which trends will resurface long
before they hit runways. Not because Rachel is a visionary (although she is). But as e-
commerce product managers understand the commercially viable potential of Al and
possess the skills to develop technically sophisticated Al. For example, an interior design
Al at a home goods retailer served a customer visualization project when the customer
gasped and covered her mouth. "Is my house haunted?" she asked.

—Why just now did you say _couch‘? Why didn‘t you just say _sofa‘?l The agent was
temporarily taken aback. —Uh, I do not know. Maybe, it‘s because we all understand
_sofa‘ is an inferior term for such a foundational object in the domestic space.l He then,
thinking better of it, decided not to tell that to the customer. Instead, he told her that
saying —sophal could incriminate her house as lacking the kind of live, work, and lounge
chemistry that could be embraced for improvisational societal encounters. He told her,
—Maya Rudolph is much more likely to hang out in your living room if you‘ve got a real
couch.|

Spotting Opportunities for Building AI Agents in E-Commerce

When contemplating building Al agents for your e-commerce business, it is easy to lose
focus. This is the point at which you may be tempted to develop Al agents just for the
sake of novelty. This is why we designed a specific framework, to ensure that every Al
agent you develop addresses a genuine customer need and greatly affects your bottom
line. Our framework consists of several discrete steps that we will outline.

The initial phase involves the documentation of issues. This requires assembling one or
more stakeholders. Ask them to deliberate on the various categories of service issues
customers experience on your platform. Some of these will be chronic issues that
customers have, and will, always experience. These constitute the service problem targets
that your agents will be optimized for. Opportunity journey mapping focuses on
positioning potential supporting agents throughout the entire commerce journey from
discovery to service to ensure that the coverage is comprehensive and equitable. The
phenomenon of agents being overloaded while new products are being introduced is a
classic case. What is really occurring is a surplus of assistants during one or two fully
developed stages, such as service or fulfillment, while the other half of the journey is
neglected or walled off until an indeterminate point in the future.
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This becomes a significant issue for all consumers. Picture a thirsty traveler in a desert.
That is the situation customers face when they have to discover, evaluate, and complete a
transaction— all while using some tool of assistance and feeling like they are in a desert.
Still, the increasing volumes of conversational interfaces are banking on the promise of a
completely fulfilled journey.

Select the Technical Architecture

Selecting the technical architecture begins with a rule-based prototype to assess the
feasibility of implementing collaborative filtering, computer vision for image tagging,
and large language models that complete natural language tasks. This modular approach
allows for rapid iteration and supports scalability features.

Phase Development with Success Criteria

The next step involves implementing a phased approach to rollout, beginning with the
Wizard-of-Oz phase, during which human stylists role-play the Al, allowing the team to
understand how users would most likely engage with the system. Following this, we
advance to a phase where we work with a functional prototype termed the MVP
(minimum viable product). Subsequently, we proceed to the stage where full automation
is implemented, accompanied by an interface capable of processing natural language and
managing calendar events, a rather complex task. The final stage is production, during
which the assistant becomes fully operational and automated monitoring dashboards are
provided to control the assistant, including a mechanism for intervention when issues
arise.

Design Continuous Improvement Feedback Loops

The third step involves setting up hooks to allow the system to learn from its failures. In
this case, outcomes of a certain usage, especially when a user completes a purchase, or
when an item is returned, should feedback into the system and retrain this system. In
addition, we need to set up hooks for A/B testing and regression limit detection.

Implementing Safeguards & Constraints

The next step requires explicit descriptions of potential uses, gaining human approval for
anything that is high-value, and establishing budgets. We should also work on creating
audit trails, and ensuring that there are control mechanisms that restore the system to a
safe state should it become runaway or exhibit unwanted behaviors.

Plan for Edge Cases & Graceful Failures

Inevitably, the system will be imperfect, and having a strategy for these shortcomings is
crucial.
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Agent Performance Metrics

Task-completion rate—The proportion of tasks assigned to the agent that are executed
autonomously.

Decision accuracy—The extent to which the agent‘s recommendations correspond to our
true preferences (e.g., whether we click on the suggested items). Processing speed—The
amount of time taken to respond to a user request.

Error rate—The frequency with which the agent generates a wrong answer/chat or
suffers a breakdown.

User Trust & Satisfaction Metrics

Delegation rate—The proportion of user-agent interactions in which the user allows the
agent to perform actions for them.

Override frequency—the rate at which users command the agent to stop and revise its
focus.

Trust-score surveys—Users periodically evaluate the agent‘s trustworthiness on a five-
point scale.

Satisfaction ratings—Users communicate their overall satisfaction with the agent on a
scale of 1 to 5.

Demographic parity—Equity of recommendation quality across user segments.

Price discrimination detection—Monitoring unintended price variance among similar
users.

Recommendation diversity—Breadth of catalog exposure to avoid filter bubbles.
Composite Metric Example

The Agent Effectiveness Score (AES) integrates task completion (40%), user satisfaction
(30%), and business impact (30%) to form a single index for executive reporting and
cross-team alignment.

Baseline & Target Setting

New agents typically aim for a baseline of 60% task completion, which will progressively
increase to 90% as the data and models mature. Incremental targets will help avoid the
imposition of unrealistic expectations while encouraging continuous improvement.

Dashboard Features
A realtime ops dashboard should show:
e Tracks recent performance (task-completion trends over the last 24-hours)

e Tracks performance of different cohort groups (new vs veteran users)
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e Alerts for anomaly detection (override rate spikes)

A balance must be struck in this dashboard‘s design. It must be fully accessible for non-
technical stakeholders while offering sufficient detail for technical engineers. This
balance in depth also fosters shared ownership over the agent‘s health.

Ethics of Autonomous Commerce Agents

Placing responsibility on autonomous agents in commerce raises significant stakes.
Ethical stewardship should hinge on the following principles:

- Transparency - The extent of the agent‘s abilities and the underlying rationale of
its decisions should be stated upfront. Users should not be misled into thinking they are
engaging with a sentient being. This was the case with a subscription-box service whose
UI caused customers to feel deceived. The Ul claimed they had an "AI stylist" with
human-like creativity.

- Control and agency - Users should be able to configure the agent‘s actions. The
agent must be allowed to take commands and stop when the user desires. An off switch
and total memory deletion should be available to the user for a quick reset.

- Privacy - The agent must be enabled to collect only what is necessary, to secure
what has been collected, and to inform a user of shared data, the purpose of the sharing,
and the rationale, after a user has been notified.

No upselling, and no ambiguous power bestowed with a recommendation. Secretly
implementing a recommendation system is an unethical design choice. If you are going to
recommend something to a user, tell them directly, and avoid exploiting the user‘s mental
heuristics. If your algorithms are exceptionally designed but not delivering real value to
the user, then they are poorly designed.

Consider the broader ramifications, whether positive or negative. A recommendation
system can promote greater democracy and equity, or the contrary. The design of such
systems should promote the former and not the latter. The product organization‘s
leadership team, facing competition from rivals with sophisticated Al, was tasked with
developing an Al-enabled experience that would differentiate the organization. In the
subsequent opportunity assessment, the team‘s initial step was to gather primary data
from customers. The team‘s customer interviews led to two conclusions that framed the
opportunity they intended to pursue. One was that customers found it challenging to
remember the pieces they owned and, two, that they lacked guidance on how to integrate
what they already had with what they bought. Their market research not only validated
the growing demand for —virtual closets,| but also allowed them to test the idea against
the two service dimensions that they believed would guarantee success: it had to be a
high-frequency and high-impact service.

To evaluate the applied system's effectiveness, we begin with basic engagement
indicators, including system trust, purchase frequency, average order value, and return
rates. For three key metrics, we use the period prior to system implementation as a
baseline:
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Task Accomplishment: The users accomplish the goal they set out to achieve with the
system. There are three sub-indicators to this primary goal. Each emphasizes a different
perspective of the system and its value to the user:

Matching: The system captures a user‘s verbal or written artisanal input and successfully
matches it to a corresponding set of stylable items.

Proactive Alerts: The system won‘t wait for a user to make a request and proactively
notifies the user of anything out of the ordinary regarding the matching process.

Trust: Users exhibit confidence in both and system in operation. This is reflected in the
low return and high average order rates. For an effective product, decision fatigue must
be alleviated and one of the primary ways we did this was by presenting a true/false type
of interaction. When a visual Al suggestion is clicked, a mental transaction is made
saying —you‘re rightl (or —wrongl). Items purchased affirm the model and indicate
decision completion.

True creates a nonverbal divide between the model and the user, and guides the model in
a pseudo-Machiavellian direction (the model —thinksl it knows better than the user). The
coalition of signallers in this scene (user, model, and interface) works under the skin and
creates an efficient and effective product. Using the principles in this chapter, we can
begin constructing our first agentic product. The first step in the process of product
development is defining the problem. This may seem obvious, however, the intelligence
aspect of the agents makes this step nontrivial.

Defining a problem involves determining a set of conditions in which a particular agent
does not have to operate and should not operate, ideally. Such a limit must be a boundary
condition to the problem at hand. Placing such a limit on the functions of a product seems
like a daunting task. We have to answer not only the functions a product should perform,
but also functions it should not perform to be considered —intelligent.| We also have to
answer in what scenario the agent should operate, and in what scenarios it might operate
limitlessly to detrimental results if we lack a proper watchword on —true intelligence.l 1.
Defining Boundaries — Specify which decisions the agent will make autonomously and
which will require human confirmation.

Detailing Data Requirements — Specify the needed datasets for training, validating, and
continuously providing feedback, and note any gaps.

User Model Drafting — Define the conversational tone, the ratio of proactive to reactive,
and the explanatory style.

Identify Success Metrics — Identify at least three quantitative KPIs (e.g., task-
completion rate, AOV lift) and one qualitative KPI (e.g., trust-score) to be used as
success metrics.

Formulate your ethical stance - Make a decision on how you will maintain clarity about
the new interactions, guarantee the confidentiality of your customer's information, and
empower them with agency on these new exchanges.
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Launch Plan — Create a phased rollout plan (Wizard-of-Oz, MVP, Beta, and Production)
and establish the evaluation parameters for each stage.

Table 11 — Core Components of an Al Agent Deployment Strategy

. Outcomes /
Component Key Actions Deliverables
1. Detailing Data * List datasets required for training,
Requirements validation, and feedback loops

¢ Audit internal + external data
sources

* Identify data gaps and
ownership issues

* Define governance and
refresh cadence

* Data inventory

* Gap analysis

* Data readiness plan

2. User Model Drafting

* Set conversational tone (formal,
neutral, casual)

* Define balance: proactive vs.
reactive responses

* Outline explanation style
(brief, layered, guided)

* User interaction blueprint

* Conversational style guide

3. Success Metrics

* Quantitative KPIs:

— Task completion rate

— Average Order Value (AOV)
lift

—Resolution speed/CSAT
improvement

* Qualitative KPI:

— Trust score or satisfaction
sentiment

» KPI dashboard

* Baseline vs. target matrix

4. Ethical Stance

* Define transparency standards for
interactions

* Guarantee data privacy and
consent

* Provide override/control

* Responsible Al policy
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Component

Key Actions

Outcomes /
Deliverables

mechanisms for users

* User transparency + control
framework

5. Launch Plan

* Stage-based rollout:

— Wizard-of-Oz (human-in-
the-loop)

- MVP

— Beta

— Production

 Define evaluation metrics for
each stage

* Deployment roadmap

* Stage-specific evaluation
criteria
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Part V: The Future of Al PM
Chapter 9: The Evolving Role of the Al PM

Next Frontiers in AI-Powered Commerce

The agentic commerce phenomenon is largely advanced through artificial intelligence in
retail. Systems like recommendation engines and automated virtual concierges shape and
control elements of user shopping experiences. Today e-commerce functionalities like
these exhibit advanced Al and automation. However, we are still in the initial stages of
automation in retail e-commerce. Several components define the advanced automation in
retail e-commerce, the first being the "multimodal AI" interface. When we speculate
about future artificial intelligence performing tasks and answering queries, we need to
envision Al performing these tasks through various modalities simultaneously, which is
very important. It promises to enable generative Al to carry on richer interactions with
users. Commerce is being pushed into more interactive and advanced virtual realms
through Al that can think, talk, and move. Consider an augmented-reality stylist that
channels the holographic essence of Tim Gunn and serves and styled as an animated,
personalized shopping assistant in retail e-commerce automated virtual concierges.
Unlike human stylists, augmented-reality assistants would exhibit advanced abilities,

demonstrating garments in real-time and with an interactive realism that surpasses any
human stylists capacities.

Exploring the more speculative future scenarios about AGI, one can imagine the
possibilities of an AGI helping in the next big thing in commerce. In this case, even a
nearly-AGI (a hypothetical system with nearly human-level cognitive breadth) would not
need a consciousness to operate. It might perform advanced market analyses and generate
a plethora of strategic roadmaps. What might it plan? The future of powerful
recommendation engines is mind-boggling. As brain-computer interface (BCI)
technologies evolve, the Als of product managers will be tasked with striking the balance
between "convenience-empowerment" and "autonomy." The next digital transformation
will be more advanced with adaptive and immersive experiences. A diverse suite of
strategies is available to product managers aimed at ensuring the Al "works for you." In
working with Al, they tend to adopt certain mindsets and, in some instances, certain
frameworks.

But which of these practices will assist tomorrow's Al product managers in navigating the
intricacies of Neural AI? And what does "increasingly complex" mean, anyway? For one,
Al-infused products are the only ones with feedback loops that can amplify both value
and risk (see figure). A social-commerce example is a platform that examines trending
user data (a clear signal of what to "recommend next") to produce more of the same (e.g.,
"these are the top 10 must-read books"). When trends sharpen, the Al model runs the risk
of a sinister echo-chamber effect. A competent Al product manager (Al PM) appreciates
the relative strengths of the different team members, keeps the lines of communication
open, and sees to it that the appropriate people are brought in at the right times. An
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effective AI PM realizes "learning to learn" is far more crucial than any fixed technical
expertise. To stay ahead of an incredibly rapid research curve, he or she employs various
methods, the most common being "spaced repetition." And it is not only the Al PM who
must be learning agile.

The rapid advancement in Al research, coupled with the numerous applications of
different algorithms in everyday life, necess that teams excel in the acquisition of a wide
range of skills and algorithms.

This describes the essence of talent "mapping." Teams can (and must) improve if people
understand and are comfortable going through a sort of "knowledge space" where the
algorithms and problems of the last decade are as familiar and easy to navigate as those
from the last week. New tools like shared notebooks and version-controlled pipelines
help ease time-zone friction, but it is still necessary to make sure that teams from
different time zones do not come to a complete standstill. Days are not the best way to get
a team unstuck, but a meeting can spark a lot of good ideas. Training deep learning
models on diverse data, working with well-organized Al systems, and making
explainable Al are all very hands-on practical tasks. Can a human "project manager for
AI" do these tasks? Moreover, can (or should) a human do these tasks if Al can "do"
them, and do them better, faster, and on a much larger scale? Assigning tasks based on
traditional work role hierarchies, such as "research assistant," might miss the target given
that roles and the skills needed for them can look very different in a future work
environment shaped by Al.

Higher-order principles of reinforcement learning do not seem to facilitate self-reflection.
Nor does it steer one to a multitude of Als for providing feedback, which may only
capture some superficial alterations in behavior. A more meaningful world is inspired by
a different sort of intelligence. The type that embeds a suite for Houdini's algorithmic
mysteries. Without lived experience that Als will never possess, it is difficult to envision
how any could trance some brain in a manner better than good ole human E.Q. The truth
is, it will take E.Q. (empathy quotient), [.Q. (intelligence quotient), and an R&D budget
that even Red Bull might envy to make a dent. Even then, it will be a dent with a human
face. A mental health app originally depended completely on Al for understanding users*
moods. When users complained that the app wasn't getting them, the team made a human
touch. Now, when users interact with the app, a therapist might be interpreting those
messages—along with the Al of course.

The new model isn‘t groundbreaking, but it indicates that the app is unlikely to receive
the 1-star _creepy‘ reviews it did a few batches ago. When it comes to the app‘s
_intelligence® - and I use the term loosely - it still lacks the capability to exhibit _smart*
behavior. To call a true A.l. app _smart® is to make it act like a human, in socially
acceptable ways, that only a human, in the present social order, is expected to perform. If
the App Store had its own police, those officers in blue would toss back any app that
claimed to be _smart*, like those sent by a human to _sign‘ the claim. What*s the value of
a human in this equation? I‘ll get to that. A carecer as an Al product manager helps to
build long-term disruption in supply management. This requires an intentional approach
to cultivating and building strong disruption. Having strong disruption enables the
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unpredictable turbulence of hype cycles, pivot-_realing® regulations and unforeseen
events in the market to be managed.

Emotionally resilient people avoid cyclical burnout. Instead, they engage in reflective
journaling, pursue mentorship, and work to foster a growth mindset; cultivating a growth
mindset is the most advanced form of mental currency in the contemporary economy. In
addition, emotional "bad breaks" resilience helps the product manager to, say, endurance
the "no" of investors and customers in a way that dispassionately allows less resilient
individuals to derail. In this regard, the portfolio career model diversifies risk. Generally,
portfolio careers consist of a primary full-time profession supplemented by side interests
and constellations of work that integrate to form a unified professional brand. Al PMs
can find themselves in the middle of this constellation — directing a product toward
unrealized social good and human rights and mentoring associate PMs to appreciate the
significant intuition and judgment the "pathway opportunities" toward social good and
human rights require.

Continuing Learning and Dialogue

The necessity of the need to "upskill" is very real, especially with new and emerging Al
technologies. Learning new languages, frameworks, and paradigms of collaboration—
integrating new Al tools with our work—is an evolving challenge for many of our Al
colleagues. The future is less a road and more an open expanse, dazzling and, at times,
disorienting. In these instances, decision dashboards can help. While the basic form of
lifelong learning may occur within a classroom, it is important to recognize that learning,
ideally, does not stop with a 22-year-old undergraduate degree. If something can be

described as T-shaped, let it be the foundation of a liberal education. It balances depth
and vertical penetration in a major discipline with breadth and horizontal spans in various
other disciplines. Yet, I would argue, this metaphor is inadequate in capturing the essence
of lifelong learning. It includes the classroom, while the larger sphere consists of the
student, the teacher, and the society that pulls both toward fostering a garrison state of
ignorance.

All knowledge is susceptible to distortion in a variety of ways. Reading is a worthy
pursuit as long as one is armed with a book in one hand and a garrison state knowledge
suppressor in the other. These days, Al Product Managers can leverage three distinctly
human qualities: the potential to break through stagnation, thrive, and progress. One of
these qualities is a growth mindset. Within the Al PM ecosystem, a growth mindset is
vital, as the industry is characterized by rapid changes. Your commitment to the industry,
to its continual changes and developments instead of focusing on any present resolution,
is the other element.

Epilogue: Your Journey Begins

In closing, you are presented with a remarkable opportunity. The shift from traditional
product management to Al product management, particularly through agentic commerce,
signals more than an advancement in your career focus. It is an opportunity to influence
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the destiny of human-Al interaction, the evolution of commerce, and the role of
technology in serving humanity.

There will be times when the way forward is unclear. You will contend with supposed
technical impossibilities, ethical quandaries, and self-doubt about the ability to master the
terrain. These forks in the road aren‘t something to be struggled against, but rather,
formative challenges that will develop you as the AI PM you are destined to become.

Consider Sarah from Chapter 5. She was in a catch-22, requiring Al expertise to get an
Al job. Six months after starting her transition, she is now leading agentic commerce at
her company. Chapter 4‘s Marcus was dealing with the Al-natives that were disrupting
the insurance firm. He is now the Chief AI Product Officer and has driven value-
destroying Al-transformation in the firm.

Your success, like theirs, will not be attributed to the ability to foretell every potential
future and understand every technical detail. It will be the intertwining of your new Al
capabilities and your existing excellence in product management, curiosity and
willingness to learn, untiring focus on the user, and the ability to deal with ambiguity
confidently and honestly.

The structures, tactics, and illustrations contained in this book serve as a base. However,
integrating these ideas within your framework, field, and audience will yield your
individual output. The agentic commerce implementations you develop, the Artificial
Intelligence innovations you command, and the groups you oversee will be your
originals.

As you take up this undertaking, keep in mind that the new community is here learning
and morphing. You can share your story and learn from others to enhance the
community's comprehension on this new field. Your inquiries, attempts, and observations
serve to move the field forward.

The profession of Al Product Management has opened up, and the role comes with the
incredible potential to develop tools that improve human abilities, enrich people's day-to-
day experiences, and resolve complex issues. Transitioning from regular product
management to Al product management puts you in a position to seize this potential.

You are now on the cutting edge of product management. You are now in the age of Al,
and your new era has started.

Agent: An Al system which can sense its environment, make autonomous decisions, and
take actions independently to reached desired objectives.

Agentic Commerce: A new model of e-commerce which allows Al agents to
autonomously manage all transactions for users, from product discovery to purchase and
post-purchase servicing.

Al-Native: These are products or strategies that incorporate Al capabilities at the
foundational level, rather than tacking Al onto an already existing structure.
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Al-Product-Market Fit: Viable AI product opportunities are defined by the
convergence of Al advantage, sufficient data, and user willingness.

Algorithmic Bias: These are systematic errors in Al-driven systems that lead to
inequitable results, often driven by bias in the training data, system design, or intentional
parameters.

Ambient Commerce: Al-enabled transactions that occur in the background and in an
automated manner relative to user actions.

API (Application Programming Interface): This is a defined set of commands and
functions that allow disparate software systems to interact.

Augmented Intelligence: This is an Al system that works in partnership with people,
and is intended to complement rather than replace human cognitive functions.

Backpropagation: This is the procedure that is used to train a neural network by sending
errors back through the network in order to adjust the weights.

Bias-Variance Tradeoff: This describes a scenario of low bias (the model accurately
trains data) and low variance (the model generalizes to new data).

Classification: This is an ML task that assigns inputs to a finite number of predefined
classes.

Clustering: In unsupervised learning, this is a technique that groups data points that
share similar characteristics and are in close proximity.

Computer Vision: This is a discipline of Al that focuses on enabling computers to
understand and analyze visual data in the form of picture and videos.

Confidence Score: Indicates how likely an Al model is to be correct about a certain
prediction/decision.

Conversational Al: Al systems that can converse with a human user in natural language.

Data Drift: A decline in model performance due to changes in the distribution of
underlying data.

Data Pipeline: The sequence of operations that refines raw data into an analyzable
format or format suitable for model training.

Deep Learning: ML that involves the use of multiple layers of neural networks in
learning.

Differential Privacy: A method of data analysis that maintains the privacy of individuals
in the data set by adding noise.

Edge Computing: Real-time data processing in the immediate vicinity of data collection
as opposed to in the cloud.
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Embeddings: Dense vector data representations such as words and images that capture
semantic meaning.

Ensemble Methods: A set of techniques in which the results of several predictive models
are joined together to improve the performance of a single predictive model.

Ethical AI: Al systems designed and implemented to be fair, transparent, accountable,
and beneficial.

Explainable AI (XAI): Al whose decisions are clear and comprehensible to humans.
Feature Engineering: The creation and selection of the variables for use in a model.

Federated Learning: Model training that takes place over a network of distributed
devices, with no central data.

Few-Shot Learning: A Machine Learning approach characterized by the ability to learn
from a small number of training examples.

Fine-Tuning: The additional training of a pre-trained model to a particular task or
specific field.

Generative Al: Al systems that produce original outputs (e.g. texts, visuals, or music)
rather than only processing and analyzing existing ones.

GPT (Generative Pre-trained Transformer): A large family of Al models that
produces texts that resemble those written by humans.

Gradient Descent: A technique for reducing the loss to increase the accuracy of a neural
network.

Hallucination: A phenomenon where Al produces information that seems true and
plausible but is actually wrong.

Human-in-the-Loop: Systems that include humans in Al systems‘ decision-making
processes.

Hyperparameters: Pre-defined setting and parameters for ML models set before the
start of the training.

Inference: A process of prediction that a trained model performs by analyzing new data.

Knowledge Graph: Representation or model that depicts and connects different entities
and their relations to support reasoning.

Large Language Model (LLM): Neural networks that have been trained on large
amounts of textual data and can comprehend and generate text in natural human
language.

Latency: The delay in an Al system in processing an output after an input.
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Machine Learning (ML): Systems that can evolve and perform better over time without
being programmed for specific tasks.

Model Drift: The deterioration of a model's performance over time due to changing
environments.

Multi-Agent System: A system where several Al agents collaborate or compete to
accomplish objectives.

Multimodal AI: Al systems that can analyze and synthesize several different types of
data at once (e.g. text, image, and sound).

Natural Language Processing (NLP): A specialization of artificial intelligence
concerned with the comprehension and generation of human language by computers.

Neural Network: A set of hardware or software configurations modeled on the
interconnected neurons of biological neural networks.

Overfitting: A failure of generalization caused by a model learning its training dataset
too well.

Personalization: The modification of experiences or suggestions on the basis of specific
user activities and preferences.

Precision and Recall: Measures of the accuracy of a model in which precision refers to
the ratio of true positive predictions and recall refers to the ratio of positive cases
identified.

Predictive Analytics: The integration of historical data with machine learning in order to
project future possibilities.

Prompt Engineering: The articulation of inputs to achieve specific outcomes from
artificial intelligence systems, especially large language models.

Recommendation System: An artificial intelligence application that attempts to predict
the value of a particular item for a user and suggests relevant items.

Reinforcement Learning: A machine learning technique in which an agent attempts to
achieve a goal by performing to the model‘s standards and receiving rewards for
behaviors that the model considers appropriate.

Semantic Search: A search function that goes beyond the mere matching of words to
understand meaning and context.

Sentiment Analysis: The assessment of the emotional charge and opinion contained in a
piece of writing.

Supervised Learning: A machine learning approach that uses labeled training data in
order to learn the mapping between input and output.
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Synthetic Data: Data that is artificially constructed and which has the same
characteristics as real-world data.

Training Data: A dataset used for teaching an ML model to identify patterns and make
predictions.

Transfer Learning: The process of applying knowledge gained from one task to another
task that is different yet similar (related) to the primary task.

Transformer: A type of neural network architecture that changed the way NLP works
because of the incorporation of attention mechanisms.

Underfitting: A model is underfitting when it is too simple, encapsulating the relevant
patterns of the data.

Unsupervised Learning: An approach to machine learning that tries to identify patterns
within data that has not been labeled.

Validation Set: A dataset that is used to adjust the hyperparameters of a model to
mitigate overfitting during the training process.

Vector Database: A specific kind of database that has been optimized to store, as well
as, perform searches on high dimensional vectors generated from Al models.

Zero-Shot Learning: The ability of a model to perform a task that it has not been trained
to do.
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Appendix A: The Al Product Manager's Toolkit
Essential AI Product Management Tools and Platforms

An Al Product Manager must know the range of tools spanning development,
deployment, experimentation, and production. This breadth-aimed resource outlines the
primary tools, their use cases, and actionable insights to facilitate toolbox construction.

Development and Experimentation Platforms

Al development platforms aim to cater to product managers who need to learn about and
experiment with Al, even without extensive domain knowledge. Such platforms make Al
development accessible, letting product managers build, test, and modify Al prototypes
before deploying engineering resources to the full development cycle.

No-code Al platforms are becoming a staple for product managers as they allow these
managers to construct working prototypes without writing any code. Google‘s Teachable
Machine is a prime example. It offers product managers the ability to create models for
image, sound, and pose recognition using easy web tools. Example images can be
uploaded and models can be trained for real-time validation in browser. This feature
helps product managers visualize a solution to a product challenge to assess the
feasibility of computer vision or audio processing. For example, a retail product manager
used Teachable Machine to prototype a visual search feature, training it on their product
catalog to demonstrate feasibility before engineering resources were allocated.

Al also assists users in generative predictive analytics without coding. Product managers
can upload CSV files and receive automatic predictions for predicting churn, forecasting
sales, and evaluating customer lifetime value. The system utilizes a natural language
processor, allowing PMs to easily pose queries such as, —What factors most influence
customer retention?l and to receive explanations and predictions in response. For PMs,
this retains value, particularly given the need to define the AI product's value and
understand the underlying data patterns in advance.

Microsoft‘s Lobe describes a particularly polished user experience at this level, for
creating custom vision models. It becomes accessible to non-technical users and to
production sophisticated- models. One production fashion e-commerce PM demonstrates
the value Lobe provides justifying the value to production systems by creating a style
classifier that could automatically tag styles to products.

Gartner described Low-Code Platforms as a —middle groundl. Amazon SageMaker
Canvas describes this well. SageMaker Canvas provides a visual interface to prepare
data, train models, and deploy models, while also allowing the technical members of a
team to _go under the hood‘ as needed. PMs can understand the whole ML pipeline in
canvas without drowning in implementation detail from data preparation to model
deployment.

Product teams appreciate Data Robot for its automated machine-learning features. It runs
automated tests on hundreds of models and parameters and returns detailed comparative
summaries to PMs. More importantly, it offers understandable explanations on
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differentials of models, which empowers PMs to more easily grasp the core of what
drives the predictions and relay them to their stakeholders.

H20.ai's Driverless Al goes even further with the automation, seamlessly moving from
feature engineering to model development and hyperparameter tuning. For PMs, the
value does not lie in the automation but in the insight the tool provides about the
potentials of their data. We appreciated the tool for PMs and automation in
documentation as it streamlines the creation of spec docs that engineering teams can
work on.

Al-specific development collaboration platforms enhance the partnership between
product managers and their technical teams. Weights & Biases has become the standard
for experiment tracking in many organizations and product managers enjoy its
dashboards for tracking comparative performance of models and approaches against
various product decision criteria. While primarily used by data scientists and ML
engineers, its dashboards and reporting features help PMs understand model performance
evolution, compare different approaches, and make informed product decisions based on
experimental results.

Comet.ml has the same core focus with added emphasis on reproducibility and
collaboration. PMs can look over the different experiments, learn the different techniques
that were tried, and review clear and concise visualizations that outline the performance
of the model. The visibility that all the model experiments provide PMs assists them in
understanding the trade-offs between complexity, performance, and the constraints that
come with deployment.

Neptune.ai enhances this with particular strength in structuring and contrasting the
multitude of experiments. For PMs overseeing numerous Al projects, Neptune delivers
consolidated views that highlight the advancements made in each project, assisting in
resource allocation, and spotting trends that are successful and can be repeated, all while
managing several Al projects.

Data and Analytical Tools

Comprehending and working with data is the bedrock of Al product management.
Current software allows for easy data exploration and analytics, streamlining the process
for PMs who do not have expertise in SQL or other programming languages.

Data Exploration Tools enables PMs to see what data is available and what insights it can
potentially provide. For a long time, Tableau was the industry standard for business
intelligence, but with Al now added, it has automated insight generation and natural
language question answering. PMs can now pose queries such as —What drives customer
churn,| and dashboards will highlight pertinent data and generate visualizations. The
ability to construct dynamic dashboards enables PMs to convey the data related insights
to stakeholders and confirm product hypotheses. The ability to construct dynamic
dashboards enables PMs to convey the data related insights to stakeholders and confirm
product hypotheses.
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Microsoft‘s Power BI offers a well-known alternative. Most PMs are accustomed to
Power BI and its close integration with Office tools. Its Q&A function offers users the
ability to ask questions and examine data using natural language. Moreover, Al-generated
data visualizations automatically recognize trending information, outliers, and factors
affecting the data. Power BI was used by a subscription box PM to determine that
customers who skipped payments for a few months were more likely to cancel. This
informed the Al feature that offered alternatives to skip payments more proactively.

As part of Google Cloud, Looker offers an innovative modeling layer that provides
consistent metric definitions and cross-organizational consistency. For Al PMs, metric
consistency is crucial. For example, ensuring the "customer lifetime valuel used for
model training is the accurate value tracked by the business. Looker‘s integration with
Big Query provides PMs access to datasets that size-wise, would outstrip the capabilities
of classical data processing tools.

Data Quality Tools are providing solutions to a gap in Al development—ensuring data is
accurate, complete, and appropriate for the model‘s training. Great Expectations has
become popular amongst data teams for its innovative approach to defining and testing
data quality expectations. PMs may not interact with it directly, but understanding its
outputs helps them see the data limitations that can pose challenges in made Al products.

Trifacta specializes in data wrangling—cleaning and converting messy data into usable
formats. Its visual interface helps PMs comprehend the logic of data transformations and
spot problems that may arise and affect the models. A marketplace PM using Trifacta
realized that seller-provided product descriptions contained systematic biases that would
have distorted their recommendation engine.

Monte Carlo offers Data Observability, which helps a company identify, detect, and
notify users of a data quality issue. For ForAl PMs, this signals when problems in the
upstream data may impact the performance of models. Because the platform offers
lineage tracking, PMs are able to understand system dependencies and identify potential
failure points in a data flow.

Managing features the processed data inputs used by ML models is the type of work that
Tecton pioneered in the Feature Stores context. Tecton offers a centralized repository for
features that can be shared across models and teams. For PMs, feature stores solve the
problem of consistency between training and production, feature reuse, and visibility of
available and utilized features.

Feast, a popular open-source alternative, offers similar features especially in real-time
feature serving. Understanding feature stores offers PMs a blueprint for real-time Al
products which are applications that need instant access to processed data.

Model Management and Deployment

The transition from developing models to implementing them in production remains a
significant hurdle when building AI products. Current MLOps tools assist PMs in
understanding and managing this transition.
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Model Registries maintain comprehensive and centralized records of model management,
which include version control, performance assessment, and the status of model
deployment. MLflow originated from Databricks, and it has become the industry
standard. MLflow‘s model registry assists PMs in understanding which models are
currently deployed, how they are performing over time, and when they require updates.
Moreover, the platform‘s experiment tracking feature adds transparency to the underlying
development process and assists PMs in understanding the rationale behind key model
decisions.

Seldon Core aims to provide tools that focus and simplify model deployment, providing
features for A/B test, canary deploy, and multi-armed bandit strategies. For PMs, these
features offer sophisticated and Al-enabled strategies that limit exposure while
maximizing knowledge. A PM in the financial services industry was able to use Seldon to
progressively deploy a fraud detection model, beginning with restricted transactions and
increasing the model‘s limits as confidence grew.

Monitoring and Observability provides important productivity insights to PMs
concerning how Al products are operating in production. Evidently Al specializes in
monitoring for data drift and decline in model performance, providing automatic alerts of
potential performance issues. Its dashboards highlight when performance dips below
thresholds or when model inputs drift away from training data, allowing PMs to make
timely decisions about model retraining and other issues.

Fiddler Al has extended beyond monitoring activities to include explainability and bias
detection. Particularly for Product Managers (PMs) dealing with sensitive applications,
the ability to explain the rationale of individual acts and foresee discriminatory situations
is crucial. For instance, a lending platform PM used Fiddler to validate the fairness of
automated decisions made by the loan approval model and assured both the technical and
business stakeholders that the loan approval system is nondiscriminatory.

Fiddler is helpful as its monitoring sensitive data and abiding by regulatory requirements
is a valuable resource in the healthcare and financial industry.

Specialized Al Services

PMs do not have to create custom models since cloud providers and specialized vendors
have built Al services that PMs can leverage.

Most Natural Language Processing applications do not require custom development
anymore since they have matured to the point where it is redundant. For example, PMs
can use OpenAl's state-of-the-art GPT API for language understanding and generation.
They can develop conversational interfaces, and automate content generation and text
analysis without any machine learning skills. PMs can use the API's playground for
interactive experimentation to understand its capabilities and limitations before
integration.

Anthropic offers similar services through Claude API, excelling in reasoning and
analysis. Claude‘s Al as a Constitutionally applied reasoning paradigm provides safety
guarantees that are vital in sensitive use cases. For instance, a PM in legal tech utilized
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Claude to prototype a contract analysis tool, validating the concept before building
bespoke models that catered to specific clause types.

Google offers pre-built models for the tasks of sentiment analysis, entity extraction and
overall syntax analysis through the Google Natural Language API. Even though these
services are relatively rudimentary in comparison to large language models, they serve a
product's needs much more effectively. Amazon Comprehend provides similar services
with considerable tight integration into the AWS ecosystem.

Computer Vision demonstrates Al with the use of digital of photographs and images.
Google Vision API offers extensive image processing including object analysis, text
extraction, and detection of explicit materials. For instance, a PM in social commerce
applied the Vision API to automatically moderate user-generated content, ensuring
marketplace safety through automated means as opposed to manual review.

Amazon Rekognition provides the ability to analyze videos and stream content in real
time. For instance, the application of automated video tagging and real time stream
processing. Stream PMs are able to use the custom label feature to create deep learning
models and facilitate real time automation without coding. For instance, the automated
video analysis capabilities provide id refining of explicit materials. The major offerings
with a special emphasis on optical character recognition and spacial analysis complete the
set with Microsoft's Computer Vision API.

Speech and Audio Services integrate and analyze voiced input, as well as provide
narrated outputs. Amazon Transcribe is an automated transcription service, and Amazon
Polly is a text-to-speech service, while Google offers similar services in more languages
and with a range of voice selection. Such services are useful for PMs in creating
prototypes of voice interfaces to assess the market fit prior to undertaking a full
development. A more structured approach is necessary in order to assist the Al product
managers, as the complexity associated with the development of an Al product lies well
beyond the available tools. These are borrowed primarily from traditional product
management as well as Al-specific practices and provide a systematic approach to Al
product management.

The Al Product Canvas is based on the Business Model Canvas and Lean Canvas. While
most canvases address the various components of a product and business model, this one
is specifically designed to provide a structured pathway for product development in Al.
Unlike the traditional canvases, it specifically aims to incorporate elements unique to Al
product development, as these are often the differentiating factors that determine success
or failure of a product.

The framework is made up of nine fundamental blocks, each focusing on essential
elements of Al products.

Problem Understanding entails more than defining a problem at its most superficial level;
it assesses whether the problem has patterns that learning Al can recognize. In this block,
PMs must articulate what problem they are _resolving, then say why Al is a better
solution than the rest. A successful entry might say: —Customers abandon carts because
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they can't find products matching their style among thousands of options. This is suitable
for Al because style preferences follow patterns that can be learned from historical
behavior, and the complexity exceeds human processing capacity."

Data Assets catalogs available and missing data. This encompasses both internal
(transaction history, user behavior) and external (market trends, competitor pricing) as
well as potential (what could be collected) external data. More importantly, this block
also describes and evaluates the data collection processes and describes update frequency,
data quality, and privacy limitations. PMs must responsibly determine if usable data
exists or can be acquired.

Al Approach indicates the intended method at a reasonable level. This might include
—supervised learning for purchase predictionl or —reinforcement learning for pricing
optimization.| The goal is to appreciate the implications of various options on the product
experience, development timeline, and maintenance demands.

User experience involves how users understand and interact with the capabilities of Al
This involves more than the traditional understanding of user experience. Users
understand the capabilities of the Al and the possible uncertainty, users understand what
control they have, and the the system understands what errors are handled underlying. A
social media PM may state: "Users see Al-suggested posts with explanation snippets.
Confidence is shown through subtle visual cues. There is an easy feedback mechanism to
correct mistakes."

Value Metrics includes defining success in ways that are meaningful to the business as
well as the users. This includes Al metrics such as performance, accuracy, and precision,
and business metrics such as conversion and retention. Most importantly, this block must
state how these metrics impact one another, and how much improvement in accuracy
correlates with improvement in business value.

Ethical considerations addresses bias, equity, and the social implications of the product.
This is not an afterthought and should be integrated in all aspects of product
development. PMs must address the issues of bias, and the implications of privacy and
the unintended consequences of such social impacts.

How AI technology creates sustained competitive advantage is competitive
differentiations description. It could be through proprietary data, better algorithms, or
network effects. The important aspect is understanding what would stop the competition
from rapidly cloning your Al capabilities.

The ability of an organization to construct and sustain the proposed Al product is
evaluated in the Technical Feasibility section. This includes not only the initial
development but also the training, monitoring, and the continuous improvement of the Al
product. Al products often fail because lack of thorough understanding of the complexity
and the extent needed in the maintenance phase.

The Go-to-Market Strategy is concerned with the first introduction of Al products to
markets that are partially or completely skeptical. This means educating potential users
about the products and their functionalities and limitations; building and establishing trust
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through transparency, and designing and executing limited initial rollout or release plans
that demonstrate value in order to mitigate risk.

The AI Experimentation Framework

Different approaches to product experimentation targeting Al functionalities as opposed
to traditional software are needed. This Framework seeks to assist Al PM in constructing
and interpreting experiments in ways that are tuned to the peculiarities of Al.

Hypothesis Formation in Al is focused on probabilistic thinking. Al hypotheses differ
from traditional software in that —An Al model trained on browsing behavior will predict
purchase intent with 75% accuracy and will result in a 10% increase in conversion when
used for targetingl captures model uncertainty and the uncertainty of the potential impact
on the business.

Considerations pertaining to the use of Al technologies must be incorporated into the
design of the experiment. There are online-offline gaps to contend with, so models that
succeed with historical data may poorly perform with live data traffic. Learning effects
are those wherein the user's behavior adapts in response to the Al, and the behavior
patterns that the Al has learned change. Spillover effects occur when one user's Al-
enabled decisions cross the boundary of one user and impact another decision-maker,
thus breaching the assumptions that govern traditional A/B testing.

While testing pricing algorithms, a ride-sharing company faced these intricacies. The Al
seemed to be increasing revenue by 15% in the initial A/B test. However, the design
failed to consider how drivers learned to manipulate the system and how riders adjusted
their behavior in response to the price changes. Poorly designed experiments that used
market-level randomization and extended test periods showed the actual impact to be 7%.

Progressive Validation stages experiments to control risk and maximize learning. First,
offline validation with historical data sets and established baseline performance metrics is
where the performance risk is contained. The Al is test-driven in shadow mode where the
predicted Al outcomes do not impact the user experience, which allows for risk-free tests
of real performance in the live environment. Then, gradual real-world testing is done with
controlled pilots where a small group of users are provided the —testl service, and the
service controls include clearly defined rollback criteria. Finally, the staged approach
allows for gradual service roll out, advanced environment controls, and the automated
adaptive feedback system.

Interpretation Frameworks give PMs the tools they need to understand the results of Al
experiments. While determining statistical significance is a relevant factor, it still is not
the ultimate goal of the exercise. PMs need to answer the question _Is the improvement
worth the added complexity to the system?‘ regarding the degree of practical
significance, the extent of fairness over segments or the distributive fairness (i.e. Does the
Al help some groups while hurting others?), and the time to the system degradation (i.e.
Will the results change over time and the patterns of system used degrade?).
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The AI Ethics Decision Framework

Each product decision involving Al technology contains an ethical component. This
framework enables PMs to assess their options with respect to the ethical dimensions and
arrive at an ethically sound decision.

Stakeholder Impact Analysis looks at all the groups that Al product touches, and the
nature of that touch (deep, shallow, indirect, direct). Every Al technology will directly or
indirectly enter the lives of its users, the people which its decision affects, employees (for
job modifications), competitors, and society as a whole. For each of these groups, an
impact benefit/harms analysis ought to address each of the intended and unintended
consequences in the context of the core of the Al system.

In a recruiting platform, stakeholder analysis was able to capture the fact that while Al
systems enables recruiters to work faster and respond to candidates quicker, it may
disadvantage candidates with non-traditional backgrounds whose resumes did not match
the Al learned patterns. This led to a design change focusing more on skills and less on
credential matching.

Fairness Evaluation categorizes the analysis into different types of fairness. Individual
fairess addresses whether similar persons are treated in the same way. Group fairness
focuses on whether different demographic groups are treated equally. The fairness of
distribution and the equity of results fall under Outcome fairness. Lastly, Procedural
fairness focuses on whether the process of decision making is itself fair.

The different definitions of fairness tend to contradict each other. Consider an Al-enabled
loan approval decision. The system can have demographic parity, that is equal approval
rates across different groups, but may have varying system accuracy across different
demographic groups which is a fairness violation. PMs are expected to make these trade-
off decisions and provide a justification for their choice.

The Transparency Requirements serve to delineate what information pertaining to the Al
decision-making process should be disclosed to the users. This involves whether users
understand Al is making decisions about them, whether the users are able to comprehend
the decision justification, what information the Al is employing in the decision-making
process, and what the Al is unable to do. The context will determine the level of
necessary transparency. For instance, a medical Al will need a greater and more detailed
explanation, and for a music recommendation Al, only a minimal level of explanation
will be necessary.

Accountability Mechanisms outline an Al system‘s responsibility and recourse for faults.
These include the clear attribution of Al decision-making responsibilities, the
establishment of appeal mechanisms for disputable decisions, and the provision of audit
trails for compliance and debugging. Moreover, compensation mechanisms for the
detriment caused due to an Al error falls under the responsibility of the Al system. As an
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illustration, a financial services PM championed the implementation of a —human reviewl
button, which customers could use to request human evaluation of any Al decision. This
service offered both accountability and a measure of trust.

Building AI Product Teams

Constructing Al product teams necessitates a different approach in terms of design and
processes as compared to traditional product teams. This chapter outlines the frameworks
in terms of defining cross-functional collaboration, team composition, and the building of
collaboration capabilities.

Al Product Team Framework

Stages from development to deployment

) Interactions and processes within the team

(O  Essential roles for Al product development

Figure 7 — Al Product Team Framework (Three-Layer Model)

Team Composition Models

Al product teams, as the integrated unit, need multifaceted skills which are seldom found
homogeneously within a single individual. There are various contextual organizational
needs that would necessary different team arrangements.

The Core Team Model works for Al products that are focused and have a well-defined
scope. The team should feature an Al Product Manager who owns the product vision and
coordinates across functions, 2-3 ML Engineers who build and deploy models, a Data
Engineer who handles data pipelines and infrastructure, a UX Designer who designs
human-Al interaction patterns, and a Domain Expert who provides subject matter
expertise.

The integrated organizational design allows for swift redeployment and unambiguous
articulation of plans. An organization in health technology constructed an Al-powered
symptom classifier using this design. Due to the limited team size, role allocation became
easier and task alignment stricter, which facilitated rapid yet controlled progress.
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The Platform Team Model is more appropriate for organizations incorporating Al into
several products. There is a Platform PM responsible for the Al platform strategy, ML
Engineers who construct interchangeable models, ML Ops Engineers who manage and
oversee the execution of the models, Data Engineers who curate and maintain the feature
stores, and Partner PMs who incorporate the platform functions into specific products.

The organizational model used for the deployment of Al in a large scale automation
processes in e-commerce is an example of equitable distribution of Al capabilities. Core
platform teams constructed foundational functionalities of Al tools which were then
personalized for user scenarios by product teams. This agile approach reduced duplicated
efforts while preserving the autonomy of the product teams.

The Hybrid Model provides for the dispersion of governance while retaining Al Centers
of Excellence. Al CoEs provide the necessary tools and manage the organizational
frameworks while product teams embed Al. RGDs to embed Al.

A financial services firm found this operational model to be the most effective for their
Al transformation initiatives. The central team set the standards and built the
foundational capabilities, while embedded specialists tailored Al solutions to specific
product requirements. Knowledge rotation every quarter ensured the free flow of
information and the prevention of silos.

Collaboration Frameworks

Due to the complexity of the task and the diverse array of people involved, Al teams
must employ specific collaboration frameworks.

The Three-Phase Collaboration Model organizes teamwork as Al products move through
their development Cycle. In the Discovery Phase, the PMs take the lead on defining the
problem while the data scientists evaluate the problem's feasibility, and the data engineers
analyze the availability of relevant data. The team then performs collaborative
experiment design. In the Development Phase, ML engineers spearhead model
development at the request of the PM, while UX designers create interface prototypes,
and the PM stipulates product requirements. There are regular sync points to ensure
alignment. In the Deployment Phase, ML Ops spearheads the production deployment
while PMs execute the rollout strategy and the team iteratively collaborates on
monitoring and iteration.

The Decision Rights Matrix organizes and clarifies the types of decisions that different
people will make. Product decisions (features, prioritization, launch criteria) are the
prerogative of the PM made with the input of the technical team. ML engineers own the
technical decisions (model architecture, data processing) while the PM will frame the
problem in context and understand the implications. Ethical decisions must be made
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collectively, with specific escalation pathways provided for dissent. This organizational
clarity mitigates friction points and enhances the acceleration of product development.

This Reflection on Knowledge Sharing guarantees learning remains in progress for the
team. Weekly tech talks in which engineers describe Al concepts in regards to the
product. Monthly product reviews where PMs communicate user insights and shifts in
market dynamics. Quarterly retrospectives that capture lessons learned and improve
processes. Documentation standards that knowledge requires persistence and is readily
accessible and searchable.

Practices in AI Product Excellence

Real-world examples of the tools, frameworks and methodologies that these successful
companies leverage to create outstanding Al products.

Example 1: Spotify AI-Driven Music Discovery

Spotify's transition from a simple playlist service to an Al music-discovery service is a
remarkable feat of management for an Al product. Their progression offers insights on
building Al, user-trust, and for platform thinking.

The company started with collaborative filtering which is recommending music based on
similar user _fpreferences'. This simple technique capture value while building data and
user trust.

Assures saw relevant recommendations, they engaged more, generating more data that
improved recommendations—a classic virtuous cycle.

The introduction of Discover Weekly marked a key milestone as it offered users a
personalized playlist that was updated every Monday. The innovative service integrated
various Al components: collaborative filtering for user similarity, natural language
processing for contextual music understanding through blogs and reviews, and audio
analysis for sonic similarity between songs. The true ingenuity, however, resided in the
design and execution of the service rather than in the underlying technology.

The Product Management team made several pivotal decisions. First, the playlist was
limited to 30 tracks. This ensured some variety while avoid overwhelming the user.
Second, the playlist was updated weekly, which is frequent enough to promote sustained
user activity, but not so frequent that users would feel overloaded. Third, sophisticated
tracking mechanisms ensured that previously played tracks were omitted. This was an
obvious point but sophisticated mechanisms to track previously played tracks would have
made it complex. Fourth, a mix of familiar and novel tracks was provided to ensure the
user was neither bored nor overwhelmed.
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Engagement was measured through a combination of plays, skips, and saves. The number
of new artists a user listened to was tracked to measure discovery. Satisfaction was
ascertained through surveys and net promoter scores while business metrics measured
subscription conversion and retention. This integrated approach ensured that the service
was not over-optimized along a single dimension.

Trust was built incrementally. The first recommendations were conservative, and there
was an emphasis on precision rather than creativity. As users began to engage with the
recommendations, the system was able to take more risks. The system‘s branding further
established these expectations. —Discover Weeklyl implied that users would find new
music, and the expectation that it would be released on Mondays established their
anticipation and habit. Users were given the illusion of control through uncomplicated
feedback structures, like the ability to save songs.

The platform strategy crystallized when Spotify understood that music comprehension
was a core capability rather than a discrete feature. Discover Weekly‘s Al could be
utilized for search, mood-based playlists, audience comprehension, and beyond. Spotify‘s
ability to think in platforms, rather than in features, was a significant leap in creating
accruing value on their Al developments.

Equity and inclusion challenges emerged as the Al system favored popular artists and
therefore made it difficult for new musicians to be identified. Spotify solved this problem
through deliberate data-gathering exploration issued as under-determined exploration
goals. Additional features, like Fresh Finds, were designed to present new music so that it
could be more readily available and surfaced.

The second case study on Stitch Fix examines the Diffusion of Human-Al
Collaborations. As the first company to approach Artificial Intelligence in Fashion as
blended Human Stylist with Fashion in Personalization. Their paradigm illustrates the
design of Human-AlI collaboration in a manner that optimises the potential of both.

At the outset, they reasoned that Al in its pure form did not encapsulate the essence of
personal style. What makes fashion personal transcends the rational features of
emotional, cultural, and contextual parameters that an algorithm might miss. While pure
human styling could not scale, a hybrid model that combined human intuition to Al brute
processing power was the answer to Stitch Fix‘s hybrid targeted problem.

The architecture of the product had a seamless division of the hybrid model. Al executed
the computational heavy part of the work: diagnosing the customer‘s style profile,
processing returns feedback, managing inventory, customer matching, and routing
optimizations, as well as fitting predictions. The humans tackled the more sophisticated
final outfit assemblage, personalized note creation, special requests, style education with
exceptions, and post delivery feedback. The feedback served as a training set.
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The design in the collaboration workflow is also worthy of note. Customers provide
detailed style profiles that outline preferences, sizes, and other lifestyle data. Al
synthesizes this information to propose candidate items and outfit combinations. Human
stylists then make adjustments and selections.

The fusion of these elements produced distinct benefits. Customers experienced Al
efficiency and the personalized attention of human stylists. This combination addressed
circumstances that Al alone could not handle, such as styling for sensitive life events or
assisting people with disabilities. It fostered trust as customers understood that human
stylists reviewed their fixes, which made them more at ease with the service.

The measurement framework encompassed human and Al collaboration. For the Al
component, the key metrics were prediction accuracy, inventory efficiency, and
processing speed. Human metrics revolved around the quality of styling, customer
satisfaction, and relationship building. Crucially, they also assessed collaboration
effectiveness—measuring the integration of human and Al efforts.

Improvement was, and still is, ongoing for both sides. Al models advanced from
feedback loops that incorporated both successful fixes and returns. Stylists refined their
skills through training and tools, as well as peer learning. The interface between humans
and Al was adjusted as new friction points and opportunities were identified.

Organizational design also facilitated the hybrid model. Stylists were not treated as
temporary workers but as full team members with career paths. Engineering teams
incorporated stylists into product development. This ensured that both human and Al
perspectives guided the evolution of the product.

The evolution of their platform demonstrated strategic foresight. Stitch Fix's appreciation
of personal style moved to a platform capability. They used the existing structure to
launch Stitch Fix Kids and Stitch Fix Men. They implemented direct-buy options using
recommendation algorithms. They started thinking about tech licensing to other retailers.

Difficulties started coming in with automation versus people when it comes to
employing. With Al advancements, fewer stylists were required for each fix. To counter
this, Stitch Fix's solution was to keep expanding the Al's problem solving capabilities to
complex cases and customer relationship building. They refused to let the Al problem
solving tech replace stylists, pushing the augmentation narrative.

Weekly hands-on exercises are designed to help PMs build practical Al product skills,
from basic to advanced to ensure progression in their learning.
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Exercise 1: Al Opportunity Assessment. Get stuck? Think of a product or service you use
constantly. Chart the entire user journey from awareness, acquisition, post-purchase, and
support.

Tasks:

e Identify every decision point in the journey

e For each decision, assess Al suitability using these criteria: Is there historical data
about this decision?

e Do patterns exist that could be learned?

e  Would automation improve user experience?

e Are there ethical concerns with Al involvement?

e Prioritize opportunities using the IMPACT framework

e Select the top opportunity and create a one-page proposal including: Problem
statement and user impact

e Proposed Al approach

e Required data and feasibility assessment Success metrics

e Ethical considerations

Reflection: Which opportunities surprised you? What patterns did you notice about Al
suitability? How would you validate your top opportunity?

Exercise 2: Build Your First Al Prototype

Objective: Gain hands-on experience with Al tools and understand the development
process.

Setup: Choose a no-code Al platform (Teachable Machine, Obviously Al, or Lobe).
Identify a simple classification problem relevant to your work.

Tasks:

e Collect training data (minimum 50 examples per category)
e Upload and label data in the platform

e Train your model and review performance metrics

e Test with new examples to assess real-world performance
e Document your process including:

e Data collection challenges

e Labeling decisions and ambiguities

e Performance analysis

e Failure cases and patterns

e Potential improvements
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Reflection: What was harder than expected? What was easier? How would this scale to
production? What product decisions would improve performance?

Exercise 3: Design Human-Al Interaction

Objective: Develop skills in designing user experiences that incorporate Al uncertainty
and decision- making.

Setup: Choose an Al feature from Exercise 1. Assume the Al has 85% accuracy.

Tasks:

e Design three versions of the user interface:

e Version A: Al makes decisions automatically

e Version B: Al suggests, human confirms

e Version C: Human chooses when to invoke Al

e For each version, specify:

e How Al involvement is communicated How confidence is displayed
e How errors are handled

e How users provide feedback

e C(Create a decision tree for when to use each version

e Design an A/B test to compare versions

Reflection: What trade-offs exist between automation and control? How does accuracy
affect optimal design? What user research would inform decisions?

Exercise 4: Ethical Impact Assessment

Objective: Develop systematic approach to identifying and addressing ethical
implications of Al products.

Setup: Choose an Al product that makes decisions affecting people (lending, hiring,
healthcare, education).

Tasks:

e Stakeholder mapping:

e List all affected groups

e Identify potential benefits and harms for each Assess power dynamics and
vulnerability

e Fairness analysis:

e Define what fairness means in this context Identify potential sources of bias

e Propose measurement approaches

e Transparency requirements:
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e Determine what should be disclosed Design explanation approaches
e C(Create audit mechanisms

e Mitigation strategies:

e Propose technical solutions Design process safeguards

e (Create governance structures

Reflection: Which ethical issues were subtle? How do different fairness definitions
conflict? What trade- offs are acceptable?

Appendix B: Templates and Checklists
Al Product Requirements Document (PRD) Template

The AI PRD extends traditional PRD formats to address unique aspects of Al products.
This template ensures comprehensive documentation while remaining accessible to
diverse stakeholders.

Executive Summary

Product Vision: Articulate the transformative potential of the Al product in one
paragraph. Focus on user value rather than technical capabilities
Problem Statement: Define the specific problem being solved, why existing solutions are
insufficient, and why Al provides superior approach.

Success Criteria: List 3-5 measurable outcomes that indicate product success, including
both business and technical metrics.

User Context

User Personas: Describe primary and secondary users, including their technical
sophistication, trust in Al, and specific needs the Al addresses.

User Journey: Map current journey highlighting pain points, then show transformed
journey with Al, emphasizing moments where Al creates unique value.

Jobs to be Done: Articulate functional, emotional, and social jobs the Al helps users
accomplish.

Al Approach

Technical Strategy: Describe the Al approach in plain language—supervised learning,
reinforcement learning, etc. Explain why this approach fits the problem.

Data Requirements:
Training data sources and volumes
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Data quality requirements and cleaning needs Ongoing data needs for retraining
Privacy and compliance considerations

Model Requirements:

Performance targets (accuracy, latency, etc.) Explainability needs

Update frequency

Edge cases and failure modes

Product Design

User Interaction Model: How users invoke, interact with, and provide feedback to the Al.

Include mockups or wireframes.

Confidence and Uncertainty: How the system communicates probability and handles
uncertain predictions.

Human-AI Collaboration: When humans stay in the loop, override capabilities, and
escalation paths.

Progressive Disclosure: How capabilities are revealed to users over time as trust builds.
Technical Architecture

System Design: High-level architecture showing data flow, model serving, and
integration points.

Performance Requirements:
Response time expectations Throughput needs

Availability and reliability targets Scalability considerations

Integration Points: APIs, data sources, and downstream systems the Al must work with.

Measurement Framework
Model Metrics: Technical performance indicators and thresholds.
Product Metrics: User engagement, satisfaction, and task completion measures.

Business Metrics: Revenue impact, cost savings, or strategic value created. Fairness
Metrics: Bias detection and mitigation measurement approaches. Monitoring Plan:
What's tracked, alert thresholds, and response procedures.
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Risk Assessment
Technical Risks: Model performance, data quality, infrastructure challenges.
Product Risks: User acceptance, competitive response, market timing.

Ethical Risks: Bias, privacy, misuse potential, societal impact. Mitigation Strategies:
Specific actions to address each risk category. Launch Strategy

Rollout Plan: Phased approach from pilot to full launch with gates between phases.
Success Criteria: Specific metrics that must be met to proceed to next phase.
Rollback Plan: Conditions that trigger rollback and procedures for execution.
Communication Plan: How to educate users, set expectations, and build trust.
Appendices

Competitive Analysis: How competitors approach similar problems and our
differentiation.

Technical Deep Dives: Detailed technical documentation for engineering teams.
Legal and Compliance: Regulatory requirements and compliance approach.
Open Questions: Unresolved issues requiring further research or decisions.

Al Product Launch Checklist

This comprehensive checklist ensures all aspects of Al product launch are addressed,
from technical readiness to user communication.

e Pre-Launch Technical Validation

e Model performance meets acceptance criteria on test data Model behavior
validated on edge cases and adversarial inputs Performance validated under
expected load conditions Failover and degradation strategies tested

e Monitoring and alerting systems operational Model versioning and rollback
procedures verified Data pipelines stable and monitored

e Integration tests passing with downstream systems Security review completed and
issues addressed Infrastructure scaled for expected demand

e Data and Privacy Compliance

e Data usage complies with privacy policies User consent obtained where required
Data retention policies implemented

e Right to explanation capabilities built (if required) Audit trails established for
compliance
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Privacy impact assessment completed

Third-party data agreements in place Data breach response plan established
Cross-border data transfer compliance verified

Documentation for regulatory inquiries prepared

Fairness and Ethics Review

Bias testing completed across demographic groups Fairness metrics baselined and
monitoring active Ethical review board approval obtained (if applicable)
Transparency documentation prepared Appeal/review process established for Al
decisions Misuse prevention measures implemented

Societal impact assessment completed Stakeholder feedback incorporated Long-
term impact monitoring planned Ethical incident response plan created

User Experience Readiness

User interface clearly indicates Al involvement Confidence/uncertainty
appropriately communicated Error messages helpful and actionable

Feedback mechanisms intuitive and accessible Help documentation complete and
accurate Onboarding flow tested and optimized Progressive disclosure strategy
implemented Accessibility requirements met

Localization completed for target markets

User acceptance testing completed

Operational Readiness

Support team trained on Al product Escalation paths documented and tested
Runbooks created for common issues SLAs defined and agreed

On-call rotation established

Incident response procedures documented Performance dashboards operational
Cost monitoring and controls active

Capacity planning completed Vendor dependencies verified

Launch Communication

User announcement drafted and reviewed FAQ document prepared

Blog post/article explaining the Al ready Internal communication sent to all teams
Press release prepared (if applicable) Social media strategy defined

Customer success team briefed Sales team enablement completed Partner
notifications sent

Regulatory notifications submitted (if required)

Post-Launch Monitoring Plan

Day 1 war room scheduled and staffed Week 1 daily standup cadence established
Success metrics dashboard live

User feedback collection active Performance monitoring active Error rate tracking
operational Fairness metrics monitoring active Cost tracking operational
Competitive monitoring plan active Iteration roadmap defined
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Al Vendor Evaluation Framework

When evaluating Al vendors or partners, this framework ensures comprehensive

assessment beyond just technical capabilities.

Core Capabilities
Al Performance

Accuracy on your specific use case

Performance on your data (not just benchmarks) Handling of edge cases relevant

to your domain Scalability to your expected volumes

Latency meeting your requirements

Customization and Flexibility

Ability to fine-tune for your needs API flexibility and completeness
Integration with your tech stack

Customization without vendor lock-in Evolution path as your needs grow

Technical Support

Quality of documentation

Responsiveness of support team Professional services availability
Training and onboarding support SLA guarantees and track record
Data and Privacy Data

Handling

Where data is processed and stored Data retention policies

Your ability to delete data Vendor's use of your data

Data portability capabilities

Privacy and Compliance

GDPR, CCPA compliance

Industry-specific compliance (HIPAA, PCI, etc.) Security certifications
Audit rights and processes

Breach notification procedures

Intellectual Property

Who owns models trained on your data

Who owns improvements and customizations Rights to derived insights
Competitive isolation guarantees [P indemnification provisions
Business Considerations Pricing

Model

Transparency and predictability

Alignment with your value creation

Volume discounts and commitments Hidden costs (setup, support, etc.)
Total cost of ownership analysis

Vendor Viability

Financial stability
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Investment and backing

Customer base and references Product roadmap alignment

Acquisition/merger risks

Partnership Approach

Willingness to customize

Co-innovation opportunities Success metrics alignment

Executive sponsorship Cultural fit

Ethical and Responsible Al

Fairness and Bias

Bias testing and mitigation approaches Fairness metrics and monitoring
Demographic performance data

Commitment to fairness improvements Transparency about limitations
Explainability

Level of model interpretability Explanation capabilities

Audit trail completeness Debugging support

Compliance with right-to-explanation

Responsible Al Practices

Ethical review processes

Responsible Al commitments Incident response procedures Public transparency
reports

Industry initiative participation

Al Product Metrics Dashboard Template

A comprehensive metrics dashboard helps PMs monitor Al product health across
multiple dimensions.

Model Performance Metrics Primary Metrics

Accuracy: [Current] vs [Target] with trend Precision: [Current] vs [Target] with
trend Recall: [Current] vs [Target] with trend

F1 Score: [Current] vs [Target] with trend AUC-ROC: [Current] vs [Target] with
trend

Performance Distribution

Performance by user segment Performance by data category Performance over
time periods Performance by geography

Confidence score distribution

Data Quality Indicators

Data completeness rate Data freshness metrics Feature drift detection Label
quality scores

Anomaly detection alerts User Experience Metrics Engagement Metrics

Al feature adoption rate

Al interaction frequency Task completion rates

82



e User feedback scores
e Override/correction rates
e Trust Indicators
e Delegation rate (% tasks given to Al)
e Acceptance rate (% Al suggestions taken) Feedback provision rate
e Trust survey scores
e Complaint/concern frequency
e Experience Quality
e Response time percentiles Error message frequency Fallback activation rate
e Session success rate User effort scores
e Business Impact
Value Creation
e Revenue attribution to Al
e Cost savings from automation
e Efficiency improvements
e Customer lifetime value impact Market share changes
e Operational Metrics
e Processing cost per prediction Infrastructure utilization
e Support ticket reduction Time to value metrics
e ROI calculations
e Strategic Metrics
e Competitive differentiation score Platform leverage ratio
e Data asset growth
e (Capability maturity progression Innovation pipeline health
e Fairness and Ethics Metrics
e Fairness Monitoring
e Demographic parity metrics Equal opportunity metrics
e (Calibration across groups Individual fairness scores Disparate impact ratios
e Ethical Indicators
e Privacy violation incidents Ethical review findings
e Misuse detection alerts
e Transparency request fulfillment Stakeholder satisfaction scores

Appendix C: Resources for Continued Learning
Essential Reading List

The Al product management field evolves rapidly, but certain resources provide
foundational knowledge that remains valuable. This curated reading list balances
theoretical understanding with practical application.
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Foundational AI/ML Books

"The Master Algorithm" by Pedro Domingos provides an accessible introduction to the
five main schools of machine learning thought. For PMs, this book offers crucial context
about different Al approaches and their trade-offs. Understanding that there's no
universal solution helps PMs make informed decisions about which techniques suit their
problems.

"Weapons of Math Destruction" by Cathy O'Neil examines how algorithms can
perpetuate inequality and injustice. This sobering analysis helps PMs understand the real-
world implications of Al systems and the importance of fairness considerations. The case
studies provide concrete examples of what can go wrong when Al is deployed without
careful thought.
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