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Retailers, however, are at very different stages of that journey. Some are 
still relying on manual rules and basic segmentation. Others have invest-
ed early in AI-powered personalization engines. But across the maturity 
spectrum, the results have often fallen short of the promise.
Even with modern platforms, many retailers still struggle to realize mean-
ingful gains.
And shoppers feel it: 44% say their favorite retailers treat them like 
total strangers — and only one in five believe the last site they visited 
offered a truly personalized experience.1 This failure isn’t about lack of 
vision or effort. The industry simply hadn’t grown up yet. Today, that’s no 
longer the case — retailers finally have a practical path out of the person-
alization trench.
In this ebook, we’ll take you through the complete personalization tech-
nology timeline: from rules to real-time through the five stages of the 
Personalization Maturity Curve. You’ll learn why early generation solu-
tions failed to deliver, and how today’s advanced, adaptive solutions 
finally close the gap. 
Through our self-assessment tool, you’ll pinpoint where your organiza-
tion sits today, and discover why you don’t need to take an incremental 
approach to maturity. Even if you’re still using manual rules or segments, 
we’ll show you how you can leapfrog directly to real-time, responsive 
merchandising in one step.

1  2025 State of Ecommerce Report, Constructor

In digital commerce, no 
promise has been hyped as much 
as personalization.
For over two decades, the industry has sold 
personalization as a cure-all for static mer-
chandising. Shoppers would feel like the cat-
alog was curated just for them. Retailers could 
squeeze more revenue from every visit. No 
matter the vendor, the pitch echoed the same 
theme: understand what each shopper wants 
and deliver it at the perfect moment.
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Personalization is 
failing the very 
customers it was 
meant to serve.

According to Constructor’s 2025 
State of Ecommerce Report, 44% of 
shoppers say their favorite retailers 
treat them like total strangers, and 
only 20% believe the last site they 
visited offered a truly personalized 
experience. Deloitte found that while 
92% of retailers believed they were 
delivering personalized experiences, 
only 48% of consumers agreed.

Retailers feel the gap just as 
sharply. After years of chasing 
personalization, many find them-
selves in one of two camps: those 
who “set it and forget it” and fail 
to see a return on investment, and 
those stuck in an endless cycle of 
maintenance — tuning, tagging, 
and adjusting logic that never 
quite scales. The tools have mul-
tiplied; the outcomes haven’t.

That doesn’t mean the original vi-
sion was flawed — or that person-
alization itself was a mistake. For 
years, the industry was effectively 
trying to predict the future before 

the technology, data infrastruc-
ture, and decisioning models were 
mature enough to support it.
The good news is, technology has 
caught up. But to understand why 
personalization stalled — and why 
it’s now possible to break through 
that plateau — it helps to revisit 
how we got here.As a result, after 
nearly two decades of invest-
ment, most retailers still operate 
with broad segments, static rules, 
and one-size-fits-many journeys. 
The aspiration of personalization 
remained intact — but the execu-
tion never caught up.

https://info.constructor.com/state-of-ecommerce-2025
https://info.constructor.com/state-of-ecommerce-2025
https://www.deloitte.com/us/en/programs/chief-marketing-officer/articles/personalization-strategy-in-retail-media.html
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The Great Expectation
When personalization platforms first hit the market, the industry rallied 
around a bold vision.
Your website would accurately predict what each shopper wanted to see. 
Revenue and loyalty would skyrocket, because “shoppers will pay more 
for products when their experience feels personalized.” You could finally 
compete with Amazon.
Then came the advent of automation. Algorithms, machine learning, and 
collaborative filtering promised to deliver individualized experiences at 
scale — a future where data could finally drive revenue, not just reporting.
The problem wasn’t the vision. It was the timing. The technology, data 
foundations, and decisioning models simply weren’t mature enough to 
support that ambition.

7
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The Reality Check
First-gen personalization
The first generation of personalization engines (emerg-
ing in the late 2000s), hinted at that vision. But under the 
hood, they were rules-based systems rather than truly 
intelligent ones. 
Their logic follows pre-set rules and templates built around 
simple behavioral cues — the clicks, views, and cata-
log tags that tell the system what a shopper has looked 
at, not what they might want next. Merchandisers could 
automate a few common associations — “If the shopper 
viewed shoes, show socks” — yet the system itself wasn’t 
learning; its behavior reflected the rules humans wrote.

Second-wave platforms
A second wave of platforms arrived by the early 2010s — 
more cloud-driven, visually polished, and steeped in the 
language of “big data.” Dashboards replaced developer 
consoles. Marketers could now create segments, toggle 
A/B tests, and manage campaigns through intuitive inter-
faces. 
These tools offer clear operational improvements, but the 
underlying intelligence remains limited. Most models are 
static, updated infrequently, and dependent on manual 
oversight to stay relevant.

Machine-learning boom
Next came machine learning (ML) — the technology that 
was supposed to enable personalization to self-optimize. 
And in some ways, it has: models can recognize patterns, 
cluster products, and predict probabilities far better than 
rules can. 
But while machine learning is a sub-set of AI, it doesn’t 
have the full capabilities of modern artificial intelligence. It 
spots correlations in behavior without grasping the intent 
behind it. And it only gets smarter as fast as your batch 
jobs run (nightly or weekly, in most cases) — which means 
it's always playing catch-up.
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The Architectural Bottleneck
Personalization platforms rely on structured behavioral, product, and 
user data to function. Many merchants mistakenly assume their vendor 
automatically captures it all, but in reality, the merchant must supply the 
sensors and pipelines before any “magic” can happen. 
In most cases, the vendor provides the engine and APIs, but relies on 
the retailer to supply the behavioral data it needs to learn. That means 
capturing what shoppers do — what they search for, click on, view, add 
to cart, and buy — and making those signals available to the platform in 
a consistent way, whether through front-end tracking, tag management, 
or data feeds from core systems.
Once received, the vendor processes it on its own refresh cycle. This 
could be every few hours, overnight, or even weekly. Even when mer-
chants send their own data in real time, batched cycles create perpetual 
gaps between what the system thinks it knows and what’s actually hap-
pening in live user sessions. 
Here’s what this looks like in practice: Jaime browses Sweaters and 
shows affinity to specific brands, price points, necklines and colors 
(through clicks and adds-to-cart), then switches to T-shirts. The typi-
cal personalization engine can’t apply these signals to rank t-shirts in 
the most appealing order for Jaime within the session, although it might 
be able to personalize their next visit tomorrow, or next week — if Jaime 
comes back.
The architectural problem isn’t a lack of data. It’s the lag in understand-
ing. The system is learning, but always a few steps behind.

9
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The Fragmentation Trap
Across most commerce stacks, search, recommendations, email auto-
mation, and ad targeting run on separate logic and data models, each 
operating on its own silo — and often under different teams. Every system 
claims to know the customer best, but none share the full context.
Search optimizes for clicks, recommendations for cart adds, marketing 
automation for open rates. No single system understands the shopper’s 
journey as a whole.
Then a new promise came — orchestration. 
Vendors positioned it as the cure for frag-
mentation: a way to connect campaigns, 
messages, and data flows across channels 
so every interaction felt coordinated. In 
practice, orchestration solves communi-
cation, not comprehension. It links tools 
through shared triggers and schedules but 
doesn’t unify how they interpret shopper 
intent. Without a shared learning loop, each 
system keeps teaching itself in isolation – 
only faster and more efficiently than before.

Over time, the results plateau. Merchants 
stop seeing incremental lift because every 
channel is optimizing for its own metric, not 
for shared outcomes. Even with machine 
learning in place, teams spend endless 
hours tuning rules, adjusting weights, and 
guessing when to intervene. It’s not a one-off project — it’s an ongoing 
maintenance program few retailers can resource properly. Search en-
gines keep running playbooks written months or even years earlier, long 
after they’ve lost relevance.
For shoppers, the symptoms are easy to spot: new and trending products 
stay buried, results reflect old campaigns or outdated priorities, and price 
ranges don’t match real budgets or preferences. The experience can feel 
both oddly familiar and out of step — a storefront that knows your name 
but not your needs.
Retailers end up with a smoother sequence of disconnected decisions — 
better choreography instead of better intelligence — and data engineer-
ing projects that patch the plumbing without improving the water.

KEY TAKEAWAYS

Commerce systems 
remain siloed, with 
each channel opti-
mizing its own metric 
and orchestration 
only coordinating 
actions without truly 
understanding shopper 
intent. As a result, 
optimization plateaus 
and experiences feel 
outdated and discon-
nected because no 
system learns from the 
full customer journey.
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The Dirty Data Problem
Even when data flows quickly and systems are connected, personaliza-
tion can still fail if the underlying behavioral signal is incomplete, inferred, 
or distorted. Most personalization platforms don’t actually observe ev-
erything a shopper does — they operate on a partial or sampled version 
of behavior that misses critical context.
A full clickstream means capturing all meaningful on-site interactions 
across the entire shopping journey, not just isolated events. That includes 
search queries and result impressions, refinements, and scroll depth. It 
includes browsing and collection exploration, not just clicks — and all 
retail media interactions, recommendation exposures, add-to-cart (and 
removals), hesitation, abandonment, and in-session pivots. When any of 
these are missing, the system sees outcomes without understanding the 
decisions that led to them.
In many commerce stacks, entire classes of interaction never make 
it into the learning loop. Search queries may be captured, but result 
impressions are not. Adds to cart are recorded, but removals, abandons, 
and moments of hesitation are lost. What remains is built on partial truths 
— enough to populate dashboards, but not enough to fully understand 
shopper behavior.
Even when events are captured, they’re often unreliable. Actions are 
frequently duplicated, out of sequence, or incorrectly attributed across 
users, sessions, or devices. Client-side tracking and ad blockers can drop 
events. Device switching fractures sessions, and bot traffic pollutes the 
stream. Without verification, the system doesn’t learn from what actually 
happened — it learns from messy signals.
This is where verification matters. A verified clickstream is not just com-
prehensive — it is cleaned, normalized, and validated so that each inter-
action represents real shopper behavior. Bot traffic is removed, events 
are de-duplicated and ordered correctly, and sessions are reconciled 
across devices. Behavioral signals are normalized so the system can 
learn from them consistently and at scale.
When signals are missing or unreliable, platforms compensate by filling in 
the blanks. They lean on past behavior, averages, and inferred intent to 
decide what a shopper might want. Over time, those shortcuts harden 
into assumptions. The system grows more confident, but not more ac-
curate — because it was never learning from the full picture to begin with.
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Catalog Commerce

Rule-Based 
Automation

Segmentation (One-
to-Many)

Predictive Machine 
Learning

Adaptive 
Reinforcement 
Learning

Brought retail online with 
stable, searchable product 
listings. Enabled basic 
category navigation and 
merchandising control.

Introduced reactive 
merchandising through 
“if-then” logic (related 
items, accessories, triggered 
messages). Reduced some 
manual effort.

Scaled personalization 
through audience targeting 
and campaign orchestra-
tion. Enabled differentiated 
experiences for defined 
customer groups.

Improved statistical accu-
racy using historical behav-
ioral patterns. Automated 
recommendations and 
ranking with less manual 
tuning.

Enabled continuous learning 
from live behavior. Experi-
ences could adjust as intent 
formed, within and across 
sessions.

Experiences were static 
and identical for every 
shopper. No behavioral 
feedback loop existed, 
making personalization 
technically impossible.

Rules didn’t learn, conflict-
ed at scale, and degraded 
over time. Maintenance 
burden grew faster than 
impact, and most shop-
pers still saw the same 
logic.

Segments were static 
snapshots updated on 
schedules, not signals. 
Shopper intent shifted 
faster than the system 
could respond — especially 
within sessions.

Models learned from 
batched data and operat-
ed on delay. Personaliza-
tion became smarter, but 
not responsive to real-time 
intent. Lift plateaued.

Requires unified behav-
ioral data, event-driven 
infrastructure, and shared 
decisioning across discov-
ery systems — capabilities 
many stacks still lack.

Era

SIDEBAR

What It Enabled Why It Plateaued

A 20-Year Pattern in 
Personalization
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The Hidden Cost of Broken Personalization
Across every shopper and every session, the missed signals add up. Ir-
relevant recommendations lead to lost conversions. Static experiences 
create missed opportunities for loyalty. Over time, margin gains plateau 
— and the business spends more on customer acquisition to close the 
revenue gap.
The good news is not all personalization platforms are broken. The fact 
that most are provides an opportunity to retailers that adopt adaptive 
technology. The new wave of personalization infrastructure can finally 
capture real-time intent, adapt on the fly, and make one-to-one experi-
ences an operational reality.
The next chapters of this ebook explore how adaptive discovery, rein-
forcement learning, and reasoning models make it possible. But before 
we look forward, it’s worth acknowledging why so many retailers felt 
burned by the previous waves of “personalization.”

13
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The Personalization 
Maturity Curve

CHAPTER 2

From Rule-Based Targeting to Segment-of-One
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The Anatomy of Maturity
Unlike many other technologies, personalization maturity doesn’t unfold 
on a fixed timeline — it’s not a ladder a retailer must climb, rung by rung. 
Instead, it reflects how well your organization integrates four dimensions 
of intelligence: data sophistication, decisioning speed, feedback loops, 
and organizational alignment.
Each dimension captures a form of awareness:
•	 how clearly your systems perceive behavior,
•	 how quickly they decide and respond,
•	 how effectively they learn from outcomes, and
•	 how seamlessly your teams coordinate around that learning.
Together, these dimensions define an organization’s ability to listen, 
decide, and adapt in real time.

Every retailer 
wants to deliver 
personalization 
that feels 
effortless — a 
store that seems 
to know what each 
shopper wants 
before they do. But 
between ambition 
and execution lies 
a wide spectrum of 
maturity.

Some brands still serve identical 
experiences to everyone; others op-
erate advanced systems that adjust 
with every click. Most fall somewhere 
in between, caught in the middle 
stages of evolution where effort 
scales faster than intelligence.
To make sense of this progression, 
it helps to have a map: a model that 
explains not just where you are, but 
why you’re there, and what it takes to 
move forward.
That’s what the Personalization Ma-
turity Curve offers — a framework for 
understanding how retailers evolve 
from static, rule-based merchandis-
ing to adaptive, one-to-one experi-
ences powered by real-time learning.
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Unlike other maturity model concepts, personalization maturity isn’t 
purely technical or sequential — it’s architectural. Traditional models 
assume you progress one stage at a time, but modern, event-driven 
personalization systems make it possible to leapfrog maturity and move 
from even the simplest rule-based targeting to adaptive 1-to-1 experi-
ences in one step.
As you advance along the maturity curve, personalization moves from 
coarse one-to-many targeting toward individualized one-to-one expe-
riences.
The table below outlines the five major stages of maturity (from 0 to 4) 
and the signals that indicate where your organization sits today.
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No personalization
Sites act as digital catalogs 
with identical experiences 
for all visitors
Merchandising is manual; 
analytics are post-hoc
 

Handcrafted “if-then” logic 
drives reactive behavior
Rules are brittle and 
non-learning — automation 
without awareness 

Shoppers grouped into 
predefined audiences
Marketing automation and 
on-site personalization 
operate separately 
 
 
 

Predictive models trained 
on historical behavior
Identify likely next actions 
but operate on delayed 
data refresh cycles 

Real-time, reinforcement 
learning-driven personal-
ization 
Interprets and responds to 
intent as it happens

Product grids sorted 
alphabetically or by date
No behavioral capture
Zero lift from personaliza-
tion 
 
 

Dozens of rules with QA 
conflicts
Performance decays over 
time
Every change requires 
manual intervention 

Personalization executed 
through campaigns and 
calendars, not in real time
CDP segments sync nightly 
On-site experiences 
(search, recs, content) still 
run on static or batch logic 

Weekly or monthly model 
retrains
Recommendations mirror 
past behavior
Lift plateaus over time

Event streaming in place
Unified context across 
search, recommendations, 
and content
Measurable lift from 
adaptive learning

Begin tracking behavior-
al signals and implement 
dynamic content logic 
 
 

 
 

Replace manual rules 
with data-driven 
targeting informed by 
behavioral events 
 
 

Move from batch 
segmentation to 
session-level signals and 
continuous decisioning 
 
 
 
 

Transition to event-driv-
en architectures with live 
feedback loops 
 

 
 

Extend adaptive deci-
sioning across all chan-
nels; scale governance 
and experimentation

Definition
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Diagnostic 
Signals

Exit 
Criteria

The Personalization 
Maturity Curve

To help you identify where you sit on the Maturity Curve, we have a com-
prehensive self-assessment tool in Chapter 6: Diagnosing Your Maturity 
Level And Planning the Leap.
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Stage 0 — Static Commerce: The Passive Retailer
At the base of the curve is pure uniformity. Every shopper sees the same 
homepage, the same product grid, the same offers. The tedious effort of 
manual sorting means merchandising happens by exception, not even by 
rules. Everyone knows things should be better, but hands are tied. 
Passive retailers always have the opportunity to bring on a tool to “fit” 
it — yet most at this stage simply don’t know where to go next.

“If we procure a customer data platform, who will manage it?” 
“If we automate, will we lose control of the experience?”
“Do we need to buy a base personalization engine, or can search 
check the box?”
“Do we just need a new search application to replace our native plat-
form search?” 

Moving from Stage 0 to Stage 1 or 2 solutions may feel like progress, but 
just reshuffles the same pain: rule-based engines require constant man-
ual tuning, and one-to-many targeting can’t serve the individual.
Teams may have heard of AI-powered personalization but often are un-
aware of the distinction between machine learning that predicts based 
on past behavior and reinforcement learning that adapts in real time. The 
risk is investing in a platform that provides intelligence without real-time 
relevance.

Stage 1 — Manual Automation: The Reactive Retailer
The hallmark of this stage is control that doesn’t scale. Hand-built rules, 
pinned results and manual boosts may drive marginal lift over no mer-
chandising at all, but results quickly decay when logic isn’t revisited and 
updated regularly. The reality is most teams don’t dedicate enough re-
sources to the program, and those that do still rely on human decisioning, 
rather than quantitative analysis.
The reality is most teams don’t have enough resources to dedicate to 
the program — and even those that do rely on tools and workflows that 
were never designed for the volume, velocity, and complexity of modern 
ecommerce.
Reactive retailers are in the same boat as their passive peers — they can 
solve their problems with technology, but the wrong choice won’t fully 
close their gaps.
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Moving to segmentation will enable rules to be targeted, but it requires 
investment in more than just personalization. Customer data platforms 
become a second beast to manage — begging for the same resources 
that couldn’t handle the rules-based system.
Predictive solutions remove the manual overhead, but leave the cus-
tomer with semi-relevant experience. True personalization happens by 
making the leap to adaptive technology.

Stage 2 — Audience-Level Personalization: The Coordinated 
Retailer
Segmentation — or “one-to-many” targeting — can lull merchants into 
a false sense of personalization. Coordinated retailers can automate 
strategies and measure results — they don’t feel the degree of pain that 
passive and reactive teams do.
Stage 2 retailers often don’t realize their limitations: that segments are 
static snapshots, not accurate shopper profiles; that segments rarely 
recognize first-time visitors; and by the time they’re refreshed, most 
shopper intent has moved past the data.
The biggest risk for coordinated retailers is complacency. They assume 
they know their customer better than they actually do. They never notice 
their plateau because it feels like maturity — and they fear AI will “break” 
the clean segment structures they’ve worked so hard to define.
To move forward requires admitting there’s a problem. Until they replace 
segments with signals and let learning happen in real time instead of on a 
schedule, they’ll silently underperform.

Stage 3 — Predictive Personalization: The Data-Driven Retailer
From the outside, it appears data-driven retailers are sitting pretty. They 
have the best of both worlds – automated learning, the ability to apply 
their own business rules, and the ability to set their algorithms to optimize 
toward specific business outcomes.
But Stage 3 merchants have only almost achieved nirvana. Their per-
sonalization engines still rely on batched data from an incomplete click-
stream; they learn from fuzzy signals and serve only semi-optimized 
experiences. And most merchants don’t realize it. Vendor marketing 
has persuaded them that personalization only needs AI under the hood, 
never mentioning the quiet truth: recommendations will only reflect what 
worked yesterday, not what’s happening now. 
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Like coordinated retailers at Stage 2, data-driven retailers are often 
blissfully unaware they’re missing the merchandising mark, undeserving 
shoppers’ needs and leaving revenue on the table. Their biggest risk is 
staying the same.

Stage 4 — Adaptive 1-to-1 Personalization: The Responsive
Retailer
Only at the top of the curve does personalization move in real time. Re-
tailers leveraging reinforcement learning can recalibrate relevance click 
by click and scroll by scroll for every individual shopper. Responsive 
retailers see measurable lifts in revenue and engagement, require fewer 
manual interventions, and strengthen customer loyalty.
Adaptive personalization bridges the best of both worlds: artificial in-
telligence powers optimization at scale, while merchandisers and brand 
leaders can still shape experiences through business rules. Personaliza-
tion stops being a campaign and becomes infrastructure – the engine 
that powers customer experience and revenue.
For merchants at this stage, the next frontier is extending adaptive de-
cisioning beyond the storefront — applying real-time context to email, 
SMS, retargeting campaigns and in-app experiences.
And for retailers that aspire to become adaptive, the transition doesn’t 
have to take years. With the right technology partner, any organization 
can move from Stage 0, 1, 2, or 3 to adaptive personalization without 
climbing any intermediary rungs.

20
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If there’s a single system that can reveal your true level of 
personalization maturity, it’s search.

Search is the shopper’s most honest signal of intent. It’s where 
the customer tells you, in their own words, what they want.

In a static environment, search retrieves results literally — 
matching text to text.

In a segmented environment, it tailors results to broad user 
types — returning different assortments for new vs. returning 
visitors, top spenders vs. deal hunters, or visitors bucketed into 
lifecycle segments based on past purchases or engagement.

In a predictive environment, the machine learns — but updates 
its brain in batches (hourly, daily or weekly). When multiple data 
sources are involved, that time lag compounds.

In an adaptive environment, search interprets context in real 
time: what this shopper means right now. And all the data and 
full verified clickstream is being collected into one engine. Every 
shopper action strengthens the signal of what matters.

When search and discovery is adaptive, each query updates 
the model. Each click enriches the shopper profile. And the 
journey stays optimized in real time.

Search becomes both the test field and the feedback engine 
for personalization — the place where learning happens contin-
uously and propagates across the rest of the experience.

In advanced architectures, search, recommendations, and 
product discovery share a single behavioral feedback loop, 
creating a kind of collective intelligence that tunes itself with 
every interaction.

Search and Discovery as 
the Engine of Maturity
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Looking Ahead: Are You Ready for Real-Time Responsive 
Retailing?
Understanding where your organization sits on the Personalization Ma-
turity Curve isn’t the finish line — it’s the starting point. Once you can see 
the architectural limits of each stage, it becomes clear why incremental 
progress often stalls, and why true relevance requires a fundamentally 
different approach. 
The next chapter explores what that looks like in practice: how adaptive 
systems work, what makes them so fundamentally different from previ-
ous generations, their impact on customer experience, and their broader 
impact on business outcomes.

22
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What Adaptive 
Personalization 
Looks Like in 
Practice

CHAPTER 3
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What Makes It "Adaptive"
Compared to its predecessor, predictive personalization (Stage 3), an 
adaptive system operates on fundamentally different principles:
Continuous learning. Every click, search, and scroll across every shop-
per session becomes a lesson that builds upon existing knowledge. The 
model doesn't wait until the next batch job — the learning is instantly ap-
plied to all live shoppers.
Contextual reasoning. The system interprets why someone is acting, not 
just what they're doing. It understands intent, not just behavior patterns.
Autonomous optimization. Rather than relying on human rule-setting, 
the system tests, refines, and optimizes on its own, within boundaries you 
define.
Where traditional segmentation tries to predict intent from averages, 
adaptivity is responsive. It interprets intent as the shopper moves through 
the site, and applies that intent in real time.

Adaptive 
personalization 
represents the 
most advanced form 
of intelligence 
applied to digital 
merchandising 
today, and it works 
very differently 
from recent-
generation AI 
systems.

Instead of making predictions based 
on past behavior, it operates as a 
real-time decision system, learning 
while the shopper is still active on 
your site, updating rankings and rec-
ommendations in response to every 
signal.
So how does it actually work? How 
does the system sense behavior, de-
cide what to show next, and improve 
continuously? And more importantly, 
what does that mean for your shop-
per experience and business metrics?
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The Architecture Behind the 
Experience
Every adaptive experience relies on a new kind 
of architecture built for speed, connectivity, and 
learning. Here's what that looks like under the 
hood:

Event-driven architecture 
To capture every shopper action the moment 
it happens, you need to replace old batch pro-
cesses with event-streaming pipelines. This en-
ables every search, scroll, hover, click, filter ap-
plication, sort order switch, save-to-favorites, 
and add-to-cart event to seamlessly sync with 
your existing data the moment they happen.

Unified behavioral intelligence
To gain one consistent understanding of each 
shopper across all touchpoints, you need a uni-
fied session state. Instead of search knowing 
one thing, recommendations another, and con-
tent using outdated segments, every part of the 
experience shares the same real-time model 
of intent and preference – including offsite ex-
periences including retargeting, email and SMS. 
When a shopper shows interest in a style or price 
point, everything reflects that learning immedi-
ately.

AI-powered search and discovery
Advanced AI models powered by reinforcement 
learning (RL) act as both the face and the brain 
of the system. They interpret intent, rank prod-
ucts dynamically, and send those outcomes 
back into the learning loop. Each shopper action 
acts as feedback that strengthens successful 
predictions and weakens unsuccessful ones. 
The system teaches itself what works, improving 
continuously without manual rule-setting.

KEY TAKEAWAYS

Event-streaming 
pipelines replace 
batch processing so 
every shopper inter-
action is captured 
and synced in real 
time.

A unified session 
state gives every 
channel a shared, 
real-time under-
standing of each 
shopper so intent 
and preferences 
instantly shape the 
entire experience.

Reinforce-
ment-learning mod-
els interpret intent, 
optimize rankings, 
and continuously 
improve by learning 
from every shopper 
interaction.
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A Closer Look at Reinforcement Learning
Understanding the intelligence layer inside adaptive personalization 
helps clarify how these systems actually learn and adapt. A subset of 
AI, reinforcement learning is a branch of machine learning that teaches 
software how to make decisions through experience. Instead of following 
fixed rules or relying solely on historical data, an RL system learns by do-
ing — much like a human experimenting, observing the result, and refining 
their approach over time.
The principle is simple: actions that move the system closer to a desired 
outcome are rewarded, while actions that lead away from it are penalized 
or deprioritized. Through countless iterations, the model discovers which 
sequence of decisions produces the best long-term results, not just the 
best immediate ones.
Unlike traditional algorithms that optimize based on past data, reinforce-
ment learning continually adjusts in response to real-time feedback. It’s 
capable of “delayed gratification”: sometimes taking a short-term loss 
(for example, surfacing a new product early before it has proven engage-
ment) to learn what yields the highest cumulative reward later (like higher 
conversions or repeat visits).
This “trial-and-reward” process makes RL especially powerful in dy-
namic environments like ecommerce, where customer behavior shifts 
moment to moment or trend to trend. The system doesn’t just follow 
patterns — it develops strategies for self-tuning its decisions to achieve 
optimal outcomes even in situations it hasn’t seen before, improving de-
cision-making as it goes. 
Importantly, this learning doesn’t begin from zero. The best adaptive 
systems are pre-trained on petabytes of anonymized clickstream data, 
allowing them to make strong decisions even before it’s seen a retailer’s 
first session. That foundation eliminates the traditional “cold start” pen-
alty. As soon as real users interact with the site, the model sharpens its 
decisions in real time — typically producing conversion and engagement 
lift in days or weeks, not months.
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What About Segments?
In an adaptive environment, segments can still play 
a role — not as core drivers of personalization, but as 
strategic overlays. Segmentation rules enable teams 
to influence their algorithm to align with merchandis-
ing strategy and guide the boundaries and priorities 
of personalization, such as applying guardrails for 
brand or boosting attributes for seasonal context. 
This allows retailers to retain control over what mat-
ters to the business while AI optimizes individual ex-
periences at scale.
For example, a brand might want to boost visibility 
for high-margin house brands to value shoppers, or 
spotlight a new product line for owners of older dogs. 
Those signals can be encoded as segment-level rules 
— giving the algorithm direction without restricting 
its ability to personalize in real time. The model still 
learns from shopper behavior, but it does so within 
the framework of a specified business intent.
It’s important to note that applying manual rules 
often means trading off some optimization towards 
core KPIs. If the goal is to maximize revenue per 
visitor, conversion rate, sell-through, or bottom-line 
profit, nothing outperforms a reinforcement learning 
model. But when a retailer is willing to trade a bit of 
pure KPI lift for broader business requirements, seg-
ment-driven rules give merchandisers a controlled 
way to introduce those priorities. Reinforcement 
learning continues to operate within those bounds, 
ensuring the algorithm still drives toward the target 
KPI as effectively as possible within the constraints 
provided.
For extra assurance, with Constructor you can A/B 
test segmentation rules against pure reinforcement 
learning to quantify the impact on performance 
metrics. Testing reveals whether a business priority is 
worth the tradeoff it creates, ensuring teams under-
stand the true cost of each rule instead of relying on 
assumptions.

KEY TAKEAWAYS

Segments act 
as strategic 
guardrails, 
guiding AI 
personalization 
with business 
priorities with-
out replacing 
real-time 
learning.

Merchandisers 
can encode 
goals (e.g., 
boost margins, 
spotlight 
products) while 
reinforcement 
learning still 
optimizes within 
those bounds.

A/B testing 
shows the KPI 
tradeoffs of 
rules versus 
pure AI, ensur-
ing priorities 
are worth the 
performance 
impact.
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Adaptive Segments
Historically, segments had to be defined upfront. Teams chose the attri-
butes, set the thresholds, and accepted that those groupings would age 
quickly as behavior changed. Segmentation was static by necessity — a 
planning exercise, not a learning system.
Adaptive systems change that. Instead of relying only on pre-defined 
groups, segments can emerge from behavior itself. As shoppers interact 
with products, categories, and content, the system recognizes patterns 
— forming temporary, overlapping groupings that reflect what matters 
now, not what mattered last month.
These adaptive segments don’t replace individual-level personalization, 
and they don’t drive experiences on their own. They act as signals the 
system can learn from — helping it recognize intent faster, generalize 
learning across similar shoppers, and respond intelligently without waiting 
for manual redefinition.

How Adaptivity Feels to the Shopper
Adaptive personalization is subtle when it works well. It doesn’t shout 
“you’re being personalized!” It simply feels intuitive, like the site under-
stands you.
A shopper types “black boots.” Within a few clicks, the system notic-
es that they linger on ankle styles under $150. Instantly, results across 
search and category pages shift toward similar items. A moment later, 
“Chelsea boots” yields a refined set of options that match both aesthetic 
and price preference.
Meanwhile, the navigation quietly adjusts. Because the shopper moved 
from coats to scarves, Winter Accessories surfaces higher in faceted 
navigation.
Adaptive also applies to searchandizing: targeting content like banners 
and grid cards. If a shopper clicks on a sustainability banner or video, 
the next browse page slots eco-conscious brands, boosts products with 
organic and sustainable materials, and shows “Sustainable” product 
badges.
Not only does this better match the shopper’s intent and preferences, it 
reduces the “noise” that happens when products, banners and badges 
are not relevant to them.
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The Broader Strategic Impact
Beyond performance, adaptivity reshapes how a retailer competes.
Speed of market response. Adaptive systems pick up on emerging 
trends before humans do — surfacing products that suddenly gain trac-
tion, adjusting to weather patterns, or reallocating attention as demand 
shifts.
Operational efficiency. Because the system tunes itself, teams spend 
more time designing experiences and less time debugging rules.
Customer trust. Relevance becomes a form of respect. Shoppers feel 
understood without feeling watched. The experience adapts because of 
what they do, not who they are.
This combination — faster insight, lower friction, higher trust — trans-
forms personalization from a marketing expense into a growth lever. 
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Picture a mid-sized fashion retailer introducing adaptive 
discovery on its site.
In the first week, the new engine begins streaming click and 
search data, learning which products draw attention and 
which are ignored.
By week two, search results and product recommendations 
start shifting on their own. Conversion rises 15 percent; 
bounce rate falls.
By week four, the model identifies an emerging pattern: in-
creased interest in a particular colorway that marketing hadn’t 
yet promoted. The merchandisers use that insight to push the 
trend across channels.
By week six, the organization has its first proof point — a 
measurable revenue lift and a culture that’s beginning to think 
in loops instead of campaigns.

NO ONE HAD TO REBUILD THE WEBSITE. THEY SIMPLY 
CONNECTED BEHAVIOR TO DECISION-MAKING IN REAL TIME.

A Day in the Life of an 
Adaptive System

SIDEBAR
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Becoming Adaptive: Take the Leap, Not the Ladder
The good news about the personalization maturity curve is that it isn’t 
a ladder you must climb one rung at a time. It’s a map of capability, not 
chronology.
The next chapter explores what enables rapid adaptive adoption: the 
architecture, the data foundation, and the quick-start path. 
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Taking the Leap, 
Not the Ladder
Adopting An Adaptive Foundation

CHAPTER 4
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Most commerce-
related maturity 
curves are 
sequential: you 
can’t jump ahead 
because each 
stage depends on 
capabilities built 
in the one before 
it.

Moving from step to step involves not 
just new technology but also organi-
zation change – new in-house skills, 
new processes and an adjustment 
period. Each stage can last years.
Until now, this was also true for ad-
vancing through personalization 
maturity. But with the arrival of turn-
key adaptive systems, the technical 
barriers that once made climbing the 
ladder a slog — customer data plat-
forms, ETL pipelines, batch process-
ing, siloed systems — have collapsed 
into unified, API-first architectures 
that do the heavy lifting for you.

This means even retailers operat-
ing in Stages 0–2 can leapfrog to 
Stage 4 with no disruption to the 
organization. Adaptive systems 
don’t start cold, don’t introduce 
new data requirements or pro-
cesses, and don’t require reskill-
ing. AI models pre-trained on 

terabytes of anonymized shop-
ping data are truly plug-and-play. 
They add an instant intelligence 
layer that makes search, browse, 
recommendations, and even off-
site experiences more relevant 
and attractive to shoppers in real 
time. 
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Kickstarting Your Adaptive Foundation
Understanding why you can leapfrog requires understanding why you 
couldn't before. Each stage of the traditional maturity curve wasn't just 
a conceptual milestone — it was a technical and organizational gauntlet.
Moving from rules-based personalization to segmentation required 
stitching together customer identity across sessions and devices, ag-
gregating purchase history and browsing behavior, and refreshing those 
definitions regularly. This meant building or buying a Customer Data Plat-
form that took six to twelve months to implement. 
Data had to be cleaned, unified, and piped into the system from e-com-
merce platforms, email tools, analytics packages, and ad platforms. Then 
data teams had to build segment definitions by hand, marketing teams 
had to agree on who belonged in which segments, and engineering teams 
had to expose those segments to the front-end.
Only after segments were stable and trusted could you move to the next 
stage.
Moving from segmentation to machine learning required even more in-
frastructure:
•	 A data warehouse to store historical data
•	 Custom integrations to move data from your e-commerce platform, 

analytics tools, CRM, and ad platforms into the warehouse
•	 Manual data preparation to convert raw events into model inputs 

("customer viewed 5 products in category X in last 7 days")
•	 Data science teams to build and train models
•	 Engineering teams to deploy models and serve predictions
And of course, all of this ran in batch mode. Models were trained over-
night or weekly. 
Worse, search, recommendations, and merchandising were usually sep-
arate systems — each with its own data pipeline, its own models, and its 
own business rules. One application handled search. Another handled 
recommendations. The commerce platform handled (manual) mer-
chandising. Getting them to work together required custom APIs, con-
stant synchronization, and endless meetings to decide "which system 
wins" when they conflicted.
Time-to-value for this stage: 12-18 months. And even then, the feedback 
loop was so slow that testing and iteration took weeks or months.
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Moving from ML to real-time adaptive systems used to be the exclusive 
domain of Amazon, Netflix, and Spotify because it required:
•	 Event streaming infrastructure to capture every click, view, and 

add-to-cart in real-time and route those events to multiple down-
stream systems

•	 Online learning models that updated in real time, which meant dif-
ferent algorithms (bandit models, reinforcement learning) and infra-
structure to serve predictions in under 100ms

•	 A unified AI decisioning layer that could take in real-time events, run 
models in milliseconds, and deliver personalized search, recs, and 
merchandising instantly

Most retailers don't have the platform engineering teams to build stream-
ing infrastructure, the ML engineers to deploy online learning models, or 
the budget to unify siloed vendors into one decisioning engine. So they 
stay stuck at Stage 3.

35
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What Changed: Why You Can Leapfrog Now
Adopting a ready-to-deploy adaptive personalization engine collapses 
the ladder. It enables you to leapfrog to maturity because all the legwork 
has been done by your vendor.

Unified Behavioral Data
The adaptive platform natively captures customer behavior. You don't 
need to pipe data from your ecommerce platform into a separate per-
sonalization or recommendations engine (for example), and wait for 
batch jobs to stitch sessions together. The behavioral data is the discov-
ery platform.

Real-Time Event Streaming  — Without Specialized Engineers
Event pipelines that used to require dedicated platform engineering 
teams are built into the platform. Events flow in real-time from the cus-
tomer's session to the models that power search and recommendations. 
You don't build streaming infrastructure — you just turn it on.

Online Learning Models  — Without Data Scientists
The algorithms that used to require specialized ML expertise — bandits, 
contextual ranking, reinforcement learning — are pre-built and continu-
ously updating. Merchants don't train models. They don't deploy mod-
els. They configure business rules when desired, and the models adapt 
around those constraints.
The feedback loop between behavior and experience happens in milli-
seconds, not overnight.

One System — Instead of Vendor Patchwork
Search, recommendations, and merchandising don’t have to be sepa-
rate systems anymore. They're one unified platform. When a customer 
searches for "running shoes," the same model that personalizes search 
results also personalizes the "customers also viewed" recommendations 
on the product page and the "you might also like" emails sent later that 
day.
No custom APIs. No synchronization headaches. No conflicting business 
rules. Just one source of truth. 
But how do you know your personalization vendor is truly adaptive? It’s 
critical to evaluate them based on the following capabilities:
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How does the system 
learn and adapt?

When does the system 
actually learn?

What data does learning 
depend on?

How are decisions 
coordinated across
experiences?

Can it react within a 
single session?

Is search truly 
personalized by 
behavior?

Are search, 
recommendations, and 
merchandising driven by 
the same logic?

How are new patterns 
discovered?

How much tuning is
required?

What happens when 
signals conflict?

Batched machine learning 
trained on historical data

Models retrain on a
schedule (daily or weekly)

Partial or inferred clickstream; 
relies on client-side events

Separate engines for search, 
recommendations, and mer-
chandising require stitched 
data and manual conflict 
resolution

No — changes appear after 
batched model refresh

Primarily keyword
relevance + boosts

Separate systems with
separate rules and models

Merchants define
segments manually

Manual rule management and 
ongoing adjustments

Requires human arbitration 
(“which system wins?”)

Real-time learning (e.g., 
reinforcement learning) that 
adapts from live feedback

Models learn continuously 
during live sessions

Full, verified clickstream 
captured natively

A single decisioning engine 
drives all discovery experiences 
with shared context

Yes — ranking adapts as 
behavior unfolds

Behavioral signals directly 
influence ranking

One decisioning engine across 
all experiences

New segments and intent 
patterns surface automatically

Automatic tuning based on live 
feedback loops, with hybrid 
manual capabilities

System resolves tradeoffs 
dynamically

Evaluation 
Question

Predictive AI 
Platforms

Adaptive Discovery 
Platforms

Adaptive Personalization 
Vendor Evaluation
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Fast-Tracking Your Foundation
If the infrastructure already exists inside the platform, what does "adopt-
ing an adaptive foundation" mean?
It doesn't mean technical projects. It means activating capabilities you 
already have access to and aligning your organization around what 
changes when you do.

Foundation 1: The Feedback Loop Is Already Closed
You don’t need to build real-time learning — it’s what the platform al-
ready does. But it changes how you think about optimization. You're no 
longer testing segmented campaigns over weeks or months. You're ex-
perimenting continuously, observing what happens, and serving 1-to-1 
experiences to every shopper.

Foundation 2: You Don't Need Organizational Alignment Before 
You Start
The old maturity curve required cross-functional alignment before you 
could move forward. Marketing, merchandising, data science, and engi-
neering all had to agree on segments, data definitions, and deployment 
timelines before Stage 2 or Stage 3 projects could even begin.
With an adaptive system, marketing and merchandising see the same 
real-time insights: which products are trending, which categories are 
underperforming, which search queries are growing. Data science isn't a 
separate function building models in a silo — the models are built into the 
platform.
Alignment happens as you go, not before you start.

Foundation 3: Privacy and Explainability Are Product Features
Governance used to be an organizational project. Legal, compliance, da-
ta science, and engineering teams had to coordinate on privacy policies, 
consent management, and model explainability before deploying ML.
In the adaptive system, privacy and explainability are product features. 
Session-based personalization doesn't require persistent user IDs or 
long-term tracking. Models surface why they made a recommendation 
("based on your recent searches for red sneakers"). Merchants can over-
ride or constrain adaptive behavior without touching code.
You don't build governance processes. You configure settings.
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Embracing a New Operational Model
When personalization becomes adaptive, the organization around it in-
evitably changes.
From ownership to collaboration. Marketing, product, and data science 
no longer operate on separate dashboards. They share one behavioral 
layer and one set of outcomes. Success becomes collective.
From reporting to experimentation. Teams stop producing post-cam-
paign reports and instead monitor live learning curves. They test hypoth-
eses continuously and let the model integrate what works.
From manual tuning to strategic governance. Merchandisers move from 
tweaking rules to defining brand and ethical parameters. They manage 
policy, not pixels.
From control to trust. Adaptive systems challenge leaders to shift their 
mindset — from managing logic to managing learning. The system isn’t 
replacing judgment; it’s amplifying it at machine speed.
Stage 4 retailers no longer run personalization campaigns that fall out-
of-date and are always a step behind the customer. They run responsive 
personalization that self-optimizes in real time.
Now, let’s look at how you can assess your personalization maturity level 
and plan your leap.
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Diagnosing Your 
Maturity Level and 
Planning the Leap

CHAPTER 5
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How to Use This Self-Assessment
Use this in three steps:
1.	 Identify your current stage. Read through the stage descriptions and 

determine which one most closely reflects how your data, systems, 
and teams operate today. You don’t need to resolve every edge case. 
Select the stage that most closely reflects your organization’s de-
fault way of operating.

2.	 Pinpoint the gaps holding you back. Once you’ve identified your 
stage, review the gap analysis to understand what’s preventing you 
from moving forward. Pay special attention to foundational gaps, 
which must be addressed before more advanced personalization is 
possible.

3.	 Prioritize your next moves. Use the sequencing guidance to trans-
late gaps into action. You don’t need to fix everything at once — the 
goal is to focus on the changes that unlock learning velocity and de-
liver the fastest ROI.

By the end of this section, you should know where you are, why you’re 
there, and what to do next.

The maturity curve 
isn't a report 
card.

It's a diagnostic tool — a way to under-
stand where you are, what's holding 
you back, and what you gain by mov-
ing forward. This self-assessment 
helps you locate your current stage, 
identify your critical experience gaps, 
and plan your path to responsive re-
tailing.
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	ǔ Product catalog exists, but 
metadata is minimal (title, price, 
image and not much else)

	ǔ No behavioral data captured be-
yond basic analytics (pageviews, 
transactions)

Data

	ǔ Customer data, if it exists, 
lives in disconnected systems 
(ecommerce platform, email tool, 
customer service)

	ǔ All customers see the same 
search results, homepage, and 
product recommendations

	ǔ Merchandising is manual and 
happens by exception, not by 
rules

Decisioning
	ǔ Product grids sorted alphabeti-

cally, by date, or manually; search 
pages ranked by simple logic

	ǔ E-commerce platform handles 
search and merchandising with 
built-in tools

	ǔ No dedicated discovery or 
personalization platform

Architecture
	ǔ Changes to the customer experi-

ence require developer work

	ǔ Merchandising and marketing 
operate independently with 
separate goals

	ǔ No one owns merchandising as a 
function

Organizational Alignment
	ǔ Data and analytics teams provide 

reports but don't influence 
strategy

Static Commerce
STAGE 0

If most of these are true, you're at Stage 0. 
You're not behind — you're just at the starting 
line. You can absolutely leapfrog from here.



THE PERSONALIZATION MATURITY CURVE

43

	ǔ Basic customer attributes are 
tracked (location, device, logged-
in vs. guest)

	ǔ Behavioral data is captured in 
analytics tools but not used for 
real-time decisioning

Data

	ǔ Purchase history is available but 
not integrated into discovery 
experiences

	ǔ Merchandising rules can be set by 
category or campaign but require 
manual updates

	ǔ Rules quickly become outdated, 
and there’s no clear ownership of 
the process

Decisioning
	ǔ Rules compete — there’s no way 

to apply weightings to prioritize 
importance

	ǔ Ecommerce platform + basic 
personalization plugin or app

	ǔ Rules are configured in the CMS 
or marketing tools, not dynami-
cally generated

Architecture
	ǔ Changes still require coordination 

between marketing and IT

	ǔ Marketing sets campaigns; 
merchandising sets site rules; the 
two occasionally conflict

	ǔ Merchandising exists, but is not a 
strategic priority

Organizational Alignment
	ǔ Success is rarely measured, rules 

are rarely revisited

If most of these are true, you're at Stage 1.  
You're merchandising, not personalizing — and 
it's manual, rigid, and disconnected from real-
time behavior.

Manual Automation
STAGE 1
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	ǔ Customer data is unified in a CDP 
or data warehouse

	ǔ Segments are defined and 
refreshed regularly (e.g., high-val-
ue customers, lapsed buyers, 
frequent browsers)

Data

	ǔ Behavioral data is captured and 
used to build segments, but with 
batch processing delays (daily or 
weekly updates)

	ǔ Different customer segments see 
different experiences (homepage 
banners, product recommenda-
tions, search ranking)

	ǔ Early ML models may power 
recommendations (collaborative 
filtering, "customers like you 
bought")

Decisioning
	ǔ A/B testing and analytics inform-

ing segment definitions, require 
human implementation

	ǔ Dedicated personalization or 
recommendation platform

	ǔ Data flows between e-commerce 
platform, CDP, and personaliza-
tion tool via scheduled batch jobs

Architecture
	ǔ Search and recommendations 

may still be separate systems

	ǔ Marketing and merchandising 
share some goals and coordinate 
on campaigns

	ǔ A small data science or analytics 
team supports personalization 
efforts

Organizational Alignment
	ǔ Success is measured by seg-

ment-level performance (con-
version rates by cohort, revenue 
per segment)

If most of these are true, you're at Stage 2.  
You've built infrastructure and are using data 
to differentiate experiences, but it’s targeted 
merchandising, not 1-to-1 personalization.

Audience-Level Personalization
STAGE 2
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	ǔ Historical behavioral data powers 
model training (daily, weekly or 
monthly retrains)

	ǔ Rich product metadata exists but 
models primarily use collabora-
tive filtering and past purchase 
patterns

Data

	ǔ Customer profiles are built 
from historical behavior, not live 
session signals

	ǔ Data warehouse stores and 
aggregates behavioral data for 
model training

	ǔ Predictive models trained on 
historical behavior identify likely 
next actions

	ǔ Business rules can be applied, 
and algorithms optimize toward 
specific outcomes (revenue, 
margin, conversion)

Decisioning
	ǔ Shoppers can be targeted at the 

individual level
	ǔ A/B testing infrastructure is in 

place to measure model perfor-
mance

	ǔ ML-powered recommendation 
engine (separate from or integrat-
ed with ecommerce platform)

	ǔ Batch processing infrastructure 
— data warehouse feeds model 
retraining on a schedule

Architecture
	ǔ Search may still be a separate 

system (or powered by keyword 
matching, not ML ranking)

	ǔ API integrations exist but rely 
on scheduled data syncs, not 
real-time event streams

	ǔ Data science or analytics team 
owns model training and optimi-
zation

	ǔ Marketing and merchandising can 
set business rules and override 
recommendations

Organizational Alignment
	ǔ Success is measured by lift from 

recommendations, often only in 
A/B tests against static experi-
ences

If most of these are true, you're at Stage 3.  
You have sophisticated ML models and automation, 
but they're always learning from yesterday's 
data. The shopper gets the right products at the 
wrong time.

Predictive Personalization
STAGE 3
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	ǔ Behavioral data is captured in 
real-time and used immediately 
to personalize experiences

	ǔ Rich product metadata (at-
tributes, taxonomy, seasonal 
signals) powers adaptive ranking 
and recommendations

Data

	ǔ Customer identity is managed 
across sessions and devices, but 
personalization doesn't depend 
on long-term profiles

	ǔ Models learn during the custom-
er's session, adapting search and 
recommendations in real-time

	ǔ Contextual signals (time of day, 
device, referral source, weather) 
influence what customers see

Decisioning
	ǔ Experimentation is continuous; 

merchants test hypotheses and 
see results within hours or days

	ǔ Unified discovery platform han-
dles search, recommendations, 
and merchandising in one system

	ǔ Real-time event streaming 
connects customer behavior to 
decisioning with <100ms latency

Architecture
	ǔ APIs integrate seamlessly with 

email, ads, and other touchpoints 
— no custom batch pipelines

	ǔ Marketing and merchandising 
collaborate in real-time, viewing 
the same dashboards and 
insights

	ǔ Personalization is a strategic pri-
ority with executive sponsorship

Organizational Alignment
	ǔ Success is measured holistically: 

customer lifetime value, repeat 
purchase rate, overall conversion 
— not just campaign metrics

If most of these are true, you're at Stage 4.  
You've leapfrogged to adaptive personalization. 
The infrastructure works in real-time, and 
your organization is aligned around continuous 
learning.

Adaptive 1-to-1 Personalization
STAGE 4
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Mapping the Gaps: What's Actually Holding You Back
Once you've identified your stage, the next step is understanding why 
you're there — and what would change if you moved forward.
Not all gaps are created equal. Some are foundational: you can't move 
forward without addressing them. Others are strategic: they limit your 
upside but don't block progress.

Foundational Gaps: Must Fix to Move Forward
1.	 Behavioral Data Isn't Captured or Accessible 

 
If you're not logging customer interactions, you have nothing for 
models to learn from. This is the single biggest blocker. 
 
What it costs you: You can't personalize search, recommendations, 
or merchandising. Every customer sees the same thing, regardless 
of intent or behavior. 
 
What changes when you fix it: Adaptive models can start learning. 
Search results reflect what the customer is looking for right now. 
Recommendations improve with every session. 
 
How to fix it: Modern adaptive discovery platforms capture behav-
ioral data natively. You don't need to build event pipelines — you just 
need to deploy the platform.
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2.	 Discovery Systems Are Siloed 
 
If search is one vendor, recommendations are another, and mer-
chandising is managed in your e-commerce CMS, you're maintain-
ing three separate systems with three separate data flows and three 
sets of business rules that conflict. 
 
What it costs you: Integration overhead. Slow iteration. Inconsistent 
customer experiences. Merchants spend more time coordinating 
systems than optimizing outcomes. 
 
What changes when you fix it: One unified platform. One source of 
truth. Search, recommendations, and merchandising work together 
automatically. New features don't require integration projects. 
 
How to fix it: Adopt a unified discovery platform that handles all 
three capabilities.

3.	 Feedback Loops Are Slow (Batch Processing) 
 
If your models update overnight or weekly, you're always reacting to 
yesterday's behavior. By the time the system "learns" what a cus-
tomer wants, they've already left. 
 
What it costs you: Missed conversion opportunities. Slow exper-
imentation cycles. Models that never quite work because they're 
always learning from stale data. 
 
What changes when you fix it: Real-time feedback loops. Models 
learn during the session. Experiments yield results in hours, not 
weeks. 
 
How to fix it: Switch to a platform with online learning models. No 
infrastructure to build — just configuration to enable.
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Strategic Gaps (They Limit Upside but Don't Block Progress)
1.	 Product Metadata Is Minimal 

 
If your catalog only has title, price, and image — no or lean attri-
butes, taxonomy, and seasonal signals — models can't differentiate 
between products beyond basic collaborative filtering ("people who 
bought X also bought Y"). 
 
What it costs you: Less precise recommendations. Harder to 
merchandise strategically (you can't boost "summer dresses" if the 
system doesn't know which products are dresses or seasonal). 
 
What changes when you fix it: Richer, more contextually relevant 
recommendations. Better merchandising control. Higher conversion 
rates because customers see products that match their intent more 
precisely. 
 
How to fix it: Look for a search and discovery vendor that offers 
AI-driven catalog enrichment. Manual enrichment is time consum-
ing, hard to scale, error prone and will delay time-to-value.

2.	 Marketing and Merchandising Operate In Data Silos 
 
If these teams have separate goals, separate dashboards, and sep-
arate tools, they'll optimize in ways that conflict. Marketing boosts 
a campaign. Merchandising buries those products because they're 
low-margin. Customers get a disjointed experience. 
 
What it costs you: Suboptimal outcomes. Slower learning. Organi-
zational friction that slows down experimentation. 
 
What changes when you fix it: Shared goals. Shared dashboards. 
Faster iteration. Marketing and merchandising collaborate on exper-
iments instead of stepping on each other's toes. 
 
How to fix it: Align KPIs and give both teams access to the same 
real-time insights. This is organizational, not technical — but it's 
easier when the platform makes collaboration natural.
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3.	 Experimentation Isn't a Habit 
 
If A/B tests are rare, manual, and take weeks to set up and analyze, 
you're not learning fast enough. Adaptive systems thrive on contin-
uous experimentation. 
 
What it costs you: Slow optimization. You miss opportunities to 
discover what works because testing feels like a heavy lift. 
 
What changes when you fix it: Experiments become routine. Mer-
chants test hypotheses daily. Learning velocity accelerates. 
 
How to fix it: Use platforms with built-in experimentation frame-
works. Make testing as easy as toggling a setting.
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Sequencing the Path Forward
Even if you're leapfrogging from Stage 0 or Stage 1, you don't need a 
multi-year roadmap. But you do need a logical sequence so you don't 
overwhelm your team or deploy half-working systems.
Here's the path that delivers ROI fastest:

Step 1: Deploy Unified Discovery (Weeks 1-4)
Start with search and on-site recommendations. These are the high-
est-traffic, highest-impact touchpoints. Customers interact with search 
and browse constantly. Improving these experiences delivers immediate 
lift.
What to enable:
•	 Adaptive search ranking (results personalize based on session 

behavior)
•	 Product recommendations on product pages and cart (real-time, 

context-aware)
What to measure:
•	 Search click-through rate
•	 Add-to-cart rate from recommendations
•	 Conversion rate from search traffic
Why this comes first
It's the fastest path to value. You're not replacing your entire e-com-
merce stack — you're enhancing discovery. And because behavioral 
data flows natively through the platform, there's no data engineering 
prerequisite.
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Step 2: Layer in Merchandising Rules (Weeks 5-8)
Once adaptive discovery is live, add business logic. Boost new arrivals. 
Prioritize clearance. Feature seasonal collections. The adaptive models 
work around these constraints, not against them.
What to enable:
•	 Category-level boosting and burying
•	 Campaign-specific overrides (e.g., promote a brand partnership)
•	 Inventory-aware ranking (deprioritize out-of-stock items)
What to measure:
•	 Impact of merchandising rules on conversion and AOV
•	 Balance between merchant intent and model recommendations
Why this comes second 
Merchants need control. Adaptive systems aren't black boxes — they're 
tools that amplify merchandising strategy. Proving this early builds trust.

Step 3: Expand to Email and Off-Site (Months 3-4)
Use the same behavioral data and adaptive models to personalize email 
recommendations and retargeting ads. No new data pipelines. No new 
vendors. Just API integrations.
What to enable:
•	 Personalized product recommendations in abandoned cart emails
•	 Browse abandonment emails with session-aware suggestions
•	 Retargeting ads that reflect on-site behavior
What to measure:
•	 Email click-through rate and conversion
•	 Return-on-ad-spend for retargeting campaigns
Why this comes third
Email and ads are lower-traffic than on-site discovery, but they're 
critical for repeat engagement. Once the core discovery experience is 
optimized, extending personalization off-site compounds the impact.
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Step 4: Optimize Continuously (Ongoing)
Adaptive systems learn automatically, but optimization never stops. 
Run experiments. Test hypotheses. Refine merchandising rules based 
on what's working.
What to test:
•	 New ranking signals (e.g., seasonal trends, emerging search queries)
•	 Merchandising strategies (e.g., promote high-margin vs. high-veloc-

ity products)
•	 Recommendation placement (e.g., cart vs. product page)
What to measure:
•	 Learning velocity (how fast experiments yield actionable insights)
•	 Compounding ROI (as models learn more, does performance keep 

improving?)
Why this is ongoing
Maturity isn't a destination. It's a capability. The retailers that win aren't 
the ones who "reach Stage 3 and stop." They're the ones who iterate 
faster than competitors.
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Accelerating Change: Organizational Tactics
Technology is half the battle. The other half is making sure your team is 
aligned, empowered, and moving fast.

1. Form a Cross-Functional Squad
Don't make personalization a "marketing project" or a "data science 
project." Make it a shared mission.
Who's in the squad:
•	 Merchandising lead (owns product strategy and business rules)
•	 Marketing lead (owns campaigns and off-site personalization)
•	 Analytics or data lead (measures impact and identifies optimization 

opportunities)
•	 Product or IT lead (ensures platform integration runs smoothly)
What the squad does:
•	 Meets weekly to review performance and prioritize experiments
•	 Shares a dashboard with real-time insights
•	 Owns the roadmap for adaptive discovery
Why this works
Shared ownership eliminates silos. When marketing, merchandising, and 
analytics see the same data and work toward the same goals, iteration 
accelerates.
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2. Run a Pilot Program
If stakeholders are skeptical or risk-averse, start with a pilot. Deploy 
adaptive discovery in one category or one segment. Prove the lift. Then 
scale.
How to structure a pilot:
•	 Choose a high-traffic category where improvement is measurable 

(e.g., apparel, electronics)
•	 Run for 4-6 weeks with clear success metrics (conversion rate, 

AOV, engagement)
•	 Compare pilot performance to a control group (similar traffic, no 

adaptive personalization)
Why this works
It de-risks the investment. Skeptics become believers when they see 
the data.

3. Tie Success Metrics to Learning Velocity
Traditional KPIs—conversion rate, AOV, revenue—matter, but they're 
lagging indicators. Leading indicators of maturity are about how fast 
you're learning.
Track these metrics:
•	 Number of experiments launched per month
•	 Time from hypothesis to result
•	 Adoption of new features (are merchants using adaptive tools, or 

falling back to manual rules?)
Why this works
Speed compounds. The faster you test and learn, the faster you opti-
mize. Learning velocity is the leading indicator of long-term competitive 
advantage.



56

Personalization Maturity as 
Competitive Advantage
For years, e-commerce competed 
on price, selection, and logistics. 
Whoever had the most SKUs, the 
lowest prices, and the fastest ship-
ping won.
The new battleground is experience. 
Specifically, how well you under-
stand what each customer wants 
and how quickly you can deliver it.
Personalization maturity is no longer 
a "nice to have." It's the measure of 
competitive fitness in e-commerce. 
Retailers at Stage 0 or Stage 1 are 
competing with one hand tied be-
hind their backs. Every interaction 
is generic. Every customer sees 
the same thing. Conversion rates 
plateau. Customer lifetime value 
stagnates.
Retailers at Stage 3 are learning in 
real-time. Every session makes the 
experience better. Customers find 
what they want faster. They discov-
er products they didn't know existed. 
They return because the experience 
feels uniquely tailored.
The gap compounds. Stage 3 retail-
ers iterate faster, convert better, and 
retain longer. They pull ahead not 
because they have better products 
or lower prices, but because they 
learn faster than competitors.
The question isn't whether to in-
vest in adaptive personalization. It's 
whether you can afford not to.
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You've diagnosed 
your maturity 
level. You've 
identified the 
gaps. You've 
modeled the ROI. 
You've mapped the 
path forward.

Now it's time to 
move.

If you're at Stage 0 or Stage 1, the 
leap is shorter than you think. Modern 
discovery platforms eliminate the in-
frastructure barriers that used to take 
years to build. You can deploy adap-
tive search and recommendations 
in weeks, not months. The ROI starts 
accruing immediately.
If you're at Stage 2, the opportunity 
is to close the real-time gap. You've 
already invested in personalization 
infrastructure. Now it's time to ac-
celerate learning velocity by moving 
from batch processing to real-time 
feedback loops.
Wherever you are, the path forward 
is the same: deploy unified discovery, 
prove the lift, scale fast, and never 
stop experimenting.
Personalization maturity isn't a proj-
ect with a finish line. It's a capability 
that compounds over time. The re-
tailers that win are the ones that start 
now and iterate faster than everyone 
else.
The curve isn't a ladder anymore. It's 
a launchpad.
Are you ready to leap?

Where Do You Go 
from Here?


