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INDEPENDENT RESEARCH REPORT
Executive Summary

CENTRAL THESIS

The next competitive frontier in consumer intelligence is not whether Al can answer questions
about data. It is whether an Al system can understand consumer behavior, determine why it
changed, estimate what happens next, recommend a defensible action, explain the evidence,
and execute safely within enterprise workflows.

Artificial intelligence is rapidly changing both sides of the consumer-intelligence equation. Consumers are
increasingly using Al to discover products, compare alternatives, evaluate value, plan purchases and
delegate elements of shopping. At the same time, consumer-data organizations, retailers, manufacturers
and research teams are deploying Al to interrogate large behavioral datasets, automate analysis, generate
predictions and move closer to machine-assisted decision-making.

This report examines what happens when those two transformations converge.

The Al-Native Consumer Intelligence Enterprise 2027 explores how artificial intelligence, machine learning,
causal inference, semantic data architecture and agentic systems are reshaping the way consumer
behavior is measured, interpreted and acted upon. The research moves beyond the conventional question
of whether organizations are “using AL.” Instead, it evaluates whether their data, analytical methods,
governance structures and technical architectures are capable of supporting reliable Al-driven decisions at
scale

Readers will gain a clear understanding of the emerging transition from traditional descriptive analytics
toward a new intelligence model:

measurement — explanation — prediction — causality — recommendation — governed execution

The report examines where organizations are progressing successfully along that continuum and where
critical capability gaps remain.

Among the most important areas explored are:

o the difference between executive perceptions of Al readiness and the technical reality inside data-
science organizations;

e theincreasing importance of proprietary longitudinal behavioral data as foundation models become
more widely available;

o therole of semantic layers, metric definitions, knowledge graphs and business ontologies in
making enterprise Al dependable;

o the limits of correlation-based analytics and the growing importance of causal inference;

o the ability of Al systems to predict consumer-state transitions, brand switching, churn, promotion
response and category movement;

e the emergence of conversational analytics, Al copilots and autonomous analytical agents;

o the growing requirement for deterministic calculations, provenance, reproducibility and model
validation;

e the connection between Al recommendations and actual consumer transactions;
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the emergence of an algorithmic shelf, where Al systems increasingly influence which products
enter consumer consideration;

the potential for consumer digital twins grounded in verified behavioral histories;

the role of APIs, MCP, enterprise copilots and agent-to-agent interfaces in distributing proprietary
consumer intelligence beyond traditional dashboards;

and the evolution of research professionals from report producers into methodological, causal and
decision-intelligence specialists.

A central contribution of this research is its treatment of Al not merely as a software feature, but as a new
architectural layer within the consumer-intelligence enterprise.

The report demonstrates that the strongest Al systems are unlikely to be those that simply produce the
most fluent answers. The strongest systems will be those that combine verified behavioral evidence,
governed semantic definitions, deterministic analytical methods, predictive modeling, causal reasoning
and continuous validation.

This distinction becomes especially important as Al begins to influence commerce itself.

Consumers increasingly have the ability to ask Al systems to identify products, compare brands, construct
grocery baskets, select substitutes, evaluate price and nutrition, recommend retailers and eventually
execute purchases. This creates a new measurement challenge for manufacturers, retailers and consumer-
data organizations:

How do we determine whether an Al recommendation actually changed what the consumer bought?
This report develops a framework for answering that question through Al Recommendation Attribution,
connecting the sequence from prompt to recommendation, consideration, transaction and repeat
purchase.

It also introduces the concept of Al Recommendation Share as an emerging complement to traditional
measures such as shelf presence, market share, search visibility and retail-media exposure. In an Al-
mediated shopping environment, the relevant competitive question may increasingly become not simply
whether a product is available, but whether an Al system considers it worthy of recommendation.

The research further examines twelve major Al and data-science gaps shaping the next generation of
consumer intelligence:

1.

© Nk wDdN

9.

the data-to-decision gap;

the causality gap;

the semantic consistency gap;

the agent reliability gap;

the agentic-commerce attribution gap;

the algorithmic-shelf gap;

the longitudinal-intelligence gap;

the global data-harmonization gap;

the structured and unstructured data gap;

10. the consumer digital-twin opportunity;
11. the enterprise Al-integration gap; and
12. the human-expertise gap.
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These issues are evaluated as interconnected components of one larger transformation.

The research ultimately argues that competitive advantage in consumer intelligence will increasingly shift
away from access to general-purpose Al models and toward the assets that are far more difficult to
replicate:

proprietary data, longitudinal behavioral history, identity resolution, semantic knowledge, methodological
discipline, causal expertise, trusted measurement systems and governed Al infrastructure.

That is what makes this research important. The industry has produced extensive discussion about
generative Al, copilots and conversational analytics. Much less attention has been given to the deeper
question of what technical, statistical and data-science infrastructure is required before Al can be trusted
to influence real enterprise decisions.

This report addresses that gap. It provides a framework for understanding how consumer-intelligence
platforms can evolve from systems that explain what happened into systems capable of anticipating what
will happen, determining why it happened, recommending what should happen next and eventually
assisting with execution under defined controls.

The central conclusion is therefore broader than Al adoption. The defining question for consumer
intelligence is no longer:
How can Al be added to existing analytics?

It is:
How should consumer intelligence itself be redesigned when consumers, analysts and enterprise

decision systems increasingly operate through Al?

That shift—from adding Al features to rebuilding intelligence architecture around Al—is the foundation of
the research presented in this report.
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Six priorities addressed by the research

Research architecture at a glance

Structural counts in the report framework - not survey outComes

Respondent populations 3

Al/data-science gaps

I -

Architecture layers

Framework count

Figure 1. Structural scope of the research framework.

Priority Research question

Can Al-generated analysis reproduce governed business

01 Trustworthy Al . . ! )
y metrics and cite the evidence behind each answer?
. . Can organizations move beyond correlation and estimate
02 Causal intelligence s - .
which interventions actually change behavior?
. Can Al recommendations be linked to consideration,
03 Agentic commerce o .
purchase, switching, and repeat behavior?
. . Do metric definitions, taxonomies, ontologies, and business
04 Semantic readiness - . .
rules support reliable machine reasoning?
o - Can historical consumer behavior identify emerging states,
05 Longitudinal prediction o y ging
churn, switching, and next purchase?
06 Enterprise integration Can proprietary consumer intelligence safely travel through

APls, agents, copilots, and MCP-based workflows?
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WHY THIS STUDY NOW

01 Research Mandate and Strategic Context

Consumer intelligence has reached an inflection point. The availability of powerful generative models has
reduced the technical barrier to natural-language analytics, but it has not solved the harder problems of
data quality, longitudinal reasoning, metric governance, causal attribution, model reliability, or enterprise
decision rights. The result is a widening gap between what Al interfaces appear capable of doing and what
a governed analytics system can safely prove.

For data-rich organizations, this changes the source of competitive advantage. Model access is
increasingly widespread. Proprietary behavioral history, respondent continuity, verified transactions,
category taxonomies, semantic definitions, and trusted analytical methodology are not. The strategic
question therefore shifts from model selection to architecture: how can these assets be organized so Al
can use them reliably at scale?

Why the consumer intelligence operating model is changing

The historic consumer intelligence stack was designed around a human analyst. Data was collected,
normalized, projected, queried, and interpreted through applications that assumed a trained user knew
which measure to select and how to qualify the result. Generative Al breaks that assumption. It exposes
sophisticated data to a much wider user population and, increasingly, to other software agents. The value
of access expands, but so does the cost of ambiguity. Definitions that once lived in analyst training
manuals or institutional memory have to become machine-readable controls.

This creates a transition from application-centric analytics to intelligence infrastructure. In an application-
centric model, the interface owns the experience. In an intelligence-infrastructure model, the proprietary
data, semantic definitions, statistical services, policy rules, and model evaluation controls can serve many
interfaces: a research platform, a corporate copilot, an API, a workflow agent, or a customer-specific
application. The same governed intelligence can travel, provided its methodology travels with it.

The real scarcity is no longer model access

As model capabilities diffuse, the scarce assets become high-quality observations, well-maintained
taxonomies, longitudinal continuity, reliable identity and entity resolution, domain-specific evaluation, and
the institutional knowledge required to interpret complex behavior. Consumer intelligence organizations
with those assets are positioned to use Al as an amplifier rather than a substitute. Their strategic challenge
is to expose the data more broadly without allowing the model layer to rewrite the rules of measurement.

For food, grocery, retail, and CPG markets, the opportunity is especially large because purchase cycles are
frequent, substitution is observable, promotions are measurable, and category relationships can be tracked
over time. These characteristics create unusually rich conditions for predictive modeling, causal
experimentation, recommendation measurement, and dynamic household-state analysis.

CORE RESEARCH QUESTION
What must happen between trusted consumer data and autonomous Al decision-making?
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The progression being tested

2 3 4 5
PREDICTIVE CAUSAL PRESCRIPTIVE AGENTIC

1

DESCRIPTIVE
What happened?

What is likely to happen What caused the What action is likelyto = Canthe system execute
next? change? work? safely?

Research objectives

e Measure organizational Al maturity across consumer insights, category management, data science,
marketing, commerce, and enterprise analytics.

e Quantify the gap between executive perceptions of Al readiness and technical practitioner assessments of
actual infrastructure.

e Determine which Al-shopping activities consumers will use, trust, and delegate.

e Create a repeatable method for measuring brand visibility, substitution risk, and recommendation influence
within Al-mediated shopping.

e Benchmark the suitability of statistical, machine-learning, generative, and agentic methods across distinct
consumer-intelligence problems.

e Define the semantic, governance, and integration requirements needed to expose proprietary consumer
intelligence safely to enterprise Al systems.

How the objectives connect to enterprise decisions

The objectives are intentionally cross-functional because the resulting decisions span the enterprise.
Consumer insights leaders need to know which behaviors are changing and why. Category and commercial
teams need to know whether those changes affect assortment, promotion, pricing, or brand switching.
Data-science teams need to know which methods produce reliable predictions and treatment-effect
estimates. Technology leaders need to know whether the infrastructure can scale those capabilities
securely.

This connection between research and operating decisions prevents Al maturity from becoming an
abstract technology score. A capability matters when it changes how quickly an organization identifies a
problem, how confidently it selects an action, how consistently the action is executed, or how accurately
the result is measured. The report therefore treats decision value as the end point of the maturity
framework.

The same logic applies to consumer-facing Al. The relevant commercial question is not how impressive a
shopping assistant appears. It is whether the assistant changes discovery, consideration, retailer choice,
substitution, transaction, or repeat behavior. Those are measurable events with implications for market
share, loyalty, promotion effectiveness, and product strategy.
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RESEARCH POPULATION

02 Research Population

RESPONDENT ECOSYSTEM
CONSUMERS BUSINESS & INSIGHTS Al / DATA SCIENCE
Shopping behavior Strategy & investment Modeling & experiments
Al use & delegation Consumer insights Al engineering
Trust & privacy Category & commerce Data architecture
Purchase influence Data activation MLOps & governance
Longitudinal validation Decision rights Semantic systems

Three complementary populations separate market behavior, enterprise decision-making, and technical feasibility.

The study separates consumers, business users, and technical practitioners into distinct analytical
populations so differences in perceived readiness, technical capability, and behavioral adoption can be
measured rather than averaged away.

Population Research component Primary measurement purpose
Consumer Al Shoppin Al adoption, assisted shopping, trust,
Consumers pping p. pp 9
Survey delegation, and purchase influence
CPG, food, retail and consumer- Executive Al Readiness Organizational adoption, decision needs,
intelligence executives Survey investment priorities, and analytics gaps

Architecture, modeling, evaluation,

Al, ML, data-science and data- Technical Architecture . . .
. . . integration, governance, and technical
engineering professionals Survey readiness
N . - Shopping diaries, Al interactions, purchase
Longitudinal consumer cohort Behavioral validation study Pping P

decisions, and transaction verification

The longitudinal consumer cohort is analyzed as a subset of the broader consumer population to prevent
double-counting and preserve consistency across cross-sectional and behavioral analyses.

Why three respondent populations are necessary

No single respondent population can accurately characterize enterprise Al readiness. Executives see
strategy, budgets, organizational priorities, and commercial urgency. Technical practitioners see data
quality, architecture, model behavior, evaluation, operational constraints, and failure modes. Consumers
reveal where trust, convenience, privacy, and delegation actually change behavior. The report treats
disagreement across these populations as analytically useful rather than as noise.

The executive-technical comparison is particularly important because Al maturity is easy to overstate. A
business leader may reasonably describe an organization as Al-enabled because conversational analytics
or automated summarization is in production. A data scientist may assess the same environment as
immature if the system lacks governed metrics, model monitoring, calibration, causal validation, or policy-
bound tool use. The distance between those perspectives is itself a measure of organizational readiness.
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Why longitudinal validation matters

Attitudinal research establishes what consumers say they trust and what they believe influences them.
Longitudinal observation is needed to determine whether those stated preferences survive contact with
actual shopping behavior. A consumer may report strong brand loyalty yet switch after a budget-oriented Al
recommendation. Another may express willingness to delegate shopping while continuing to override
recommendations at the cart stage. Linking attitude, recommendation exposure, transaction, and repeat
behavior provides a more rigorous view of Al influence.

Cross-market comparability without false uniformity

Global comparison introduces a methodological tension: the research needs common constructs to
compare markets, but it must not force local behavior into an artificial universal taxonomy. The framework
therefore separates concepts that should remain stable - such as trust, delegation, model reliability, and
causal validity - from market structures that legitimately vary, including retailer formats, product
hierarchies, language, promotion mechanics, and regulatory expectations.

This distinction is especially important for Al because semantic systems can create the appearance of
comparability where none exists. Two products may have similar names but different use cases. Two
promotion types may produce different economics. A category definition that is standard in one market
may not map cleanly to another. Global Al systems require explicit rules for when entities can be
harmonized and when local meaning must be preserved.

Cross-market analysis therefore evaluates both behavioral transfer and architectural transfer. Behavioral
transfer asks whether consumer patterns recur across markets. Architectural transfer asks whether the
same semantic, governance, model-evaluation, and integration framework can operate across different
data environments. The combination provides a more useful view of global readiness than either market
research or technical benchmarking alone.
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Geographic composition

Market coverage

Consumer context

Enterprise / technical context

Analytical rationale

United States

Canada

United Kingdom

Western Europe

Latin America

Asia-Pacific

Cross-market analysis

Core consumer and retail
behavior

Cross-border consumer
behavior

Digital commerce and Al
adoption

Regional consumer
contexts

Regional commerce and
category diversity

Retail, mobile, and Al-
adoption diversity

Demographic and
behavioral comparability
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Mature Al and data-science
adoption

Enterprise and technical
comparison

Enterprise and technical
comparison

Data governance and
multilingual systems

Enterprise and data-
environment comparison

Enterprise and technical
comparison

Architecture and
governance comparability

Primary benchmark market

Market-transfer test

English-language external
benchmark

Semantic harmonization
test

Localization and market-
structure contrast

Regional technology and
commerce contrast

Separates local effects
from broader Al patterns



PARTICIPANT PROFILE

03 Participant Titles and Demographics

Executive and business-user seniority

EXECUTIVE RESPONSIBILITY MAP

Responsibilit

y domain

Enterprise
strategy

Consumer &
shopper
insights

Commerce &
category

Data &
analytics

Al & product

Representative
titles

CDO, CAQ, Clo,
CTO,CMO

SVP/VP Consumer

Insights; Shopper
Insights

VP Category;
Digital Commerce;
Retail Media

VP Data &
Analytics;
analytics leaders

Chief Al Officer;
Head of Al/ML;
product leaders

Primary evidence

Investment
priorities;
governance; risk

Research
workflows; user
trust; methods

Activation;
merchandising;
promotion

Data access;
semantic layer;
modeling

Agents;
orchestration;
evaluation

Decision lens

Where Al becomes

strategic

How insight work
changes

Where decisions

connect torevenue

Whether
intelligence is
operational

Whether Al can
scale safely

Seniority

Included responsibility

Analytical use

C-suite / enterprise officers

EVP / SVP

Vice President

Director / Senior Director

Manager / functional lead
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Enterprise strategy,
data, technology,
marketing, and
customer leadership

Cross-functional
consumer, analytics,
commerce, and digital
leadership

Functional ownership
of insights, data,
commerce, retail

media, category, or Al

Program leadership
and analytical
operations

Day-to-day analytical
and commercial
management
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Al investment,
governance, decision
rights, and risk posture

Operating model,
portfolio scale, and
enterprise adoption

Use cases, adoption,
budget, and
measurement priorities

Workflow integration,
data access, quality,
and execution

Operational friction,
usability, and process
integration



Responsibilit  Representative

Primary evidence Decision lens

y domain titles
Senior analyst / scientist / specialist Hands-on research, Model use, validation,
data science, data quality, and
engineering, and practitioner constraints
analytics

Priority executive and functional titles

Chief Data Officer Chief Analytics Officer Chief Al Officer

Chief Information Officer Chief Technology Officer Chief Digital Officer

Chief Marketing Officer Chief Customer Officer EVP Consumer Strategy
SVP Consumer Insights VP Shopper Insights VP Category Management
VP Data & Analytics VP Digital Commerce VP Retail Media

Head of Al / ML Head of Data Science Director Consumer Insights
Director Shopper Analytics Director Category Analytics Director Market Research
Director Data Engineering Director Pricing & Promotion Analytics  Director eCommerce

Technical practitioner composition

TECHNICAL RESPONDENT CAPABILITY COVERAGE

Capability

cluster Disciplines represented  What they validate Failure modes surfaced
. Data science; ML; Prediction, uplift, Overfit; poor calibration;
Modeling ) . . . . -
experimentation calibration, causality confounding
Endineerin Al/ML engineering; Inference, RAG, agents, I(;?(t:ﬁzg/;;rig:.e
9 9 GenAl/LLM tool use o
hallucination
Data.englne(_arlng; ) Lineage, identity, Inconsistent entities;
Data platform  architecture; analytics : : e
. ) semantic metrics metric drift; access gaps
engineering
MLOps; responsible Al; Evaluation, monitoring, D”ﬁ; 'e?'.‘age" weak
Governance N ) . auditability; unsafe
security; privacy policy, escalation

automation

Technical discipline Role in the research Primary focus

Data science / machine learning Predictive modeling and Model selection, calibration,
experimentation causal methods, and
validation
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Capability
cluster

Disciplines represented

Al / ML engineering

Data engineering / architecture

Analytics engineering / Bl

GenAl / LLM engineering

MLOps / model governance

Product data / knowledge engineering

Privacy / responsible Al / security

What they validate Failure modes surfaced

Production Al systems and
agents

Data pipelines and platform
architecture

Governed metrics and self-
service analytics

RAG, reasoning, and tool-
using systems

Deployment and lifecycle
control

Ontologies, taxonomies, and
knowledge systems

Policy, access, and risk
controls

Consumer demographic controls

Inference, orchestration,
latency, reliability, and tool
use

Lineage, identity, entity
resolution, and scalable
access

Semantic layers,
deterministic calculation, and
metric consistency

Retrieval, grounding,
evaluation, and model
interaction

Drift, auditability,
observability, and
reproducibility

Semantic consistency, entity
relationships, and metadata

Privacy, permissions, safe
action, and governance

Consumer recruitment uses quotas and post-stratification controls across age, gender, household income,
household composition, education, employment status, geography, urbanicity, grocery expenditure,
shopping frequency, primary retail channel, and digital-shopping behavior. Al-specific segmentation is
behavioral rather than brand-based.

Respondent design as an analytical control

The respondent architecture is designed to separate authority from expertise. Seniority establishes who
controls budgets and decision rights, but technical role establishes who understands the underlying
system. Functional diversity also matters: a category leader experiences Al through assortment and
promotion, a consumer insights leader through research and segmentation, a data scientist through
prediction and experimentation, and an engineer through reliability, latency, and integration.

Consumer segmentation likewise goes beyond demographic representation. Al behavior is treated as a
distinct dimension of the profile because two otherwise similar households can differ substantially in how
much decision authority they delegate to an assistant. The progression from non-user to Al-delegating
shopper creates a behavioral segmentation that can be crossed with age, income, household composition,
category spend, retailer mix, and digital-shopping frequency.

This structure supports a central principle of the report: Al adoption, Al capability, Al trust, and Al influence
are different variables. They should not be collapsed into a single adoption rate. A respondent can use Al
frequently but distrust purchase automation; an organization can deploy Al widely but lack causal methods;
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a consumer can accept recommendations but refuse transaction authority. The research preserves those
distinctions.

Al consumer segment Operational definition

Non-user No meaningful Al use

Occasional user Uses Al irregularly for general tasks

Regular user Uses Al routinely but not primarily for shopping

Al-assisted shopper Uses Al for shopping research, comparison, or planning
Al-influenced purchaser Has made a purchase affected by Al advice

Al-delegating shopper Allows Al to select, substitute, reorder, or initiate a transaction
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EVIDENCE AND METHODOLOGY

04 Methodology and Quality Controls

EVIDENCE STACK

1 2 £} 4 5 6

Executive survey  Technical survey  Consumer tasks Prompt lab Behavior validation Model benchmark

Organizational Architecture reality Trust & delegation Al recommendation Observed purchase Method fitness &
maturity behavior linkage reliability

Executive Al Readiness Survey

15-18 minute instrument measuring deployment maturity, data access, decision support, validation, and
investment priorities.

Technical Architecture Survey

Separate practitioner instrument covering RAG, semantic layers, knowledge graphs, model evaluation,
MLOps, privacy, agents, APIs, and MCP.

Consumer Al Shopping Survey

Task-based measurement of Al research, comparison, list building, substitution, cart construction,
reordering, and purchase delegation.

Prompt-to-Purchase Lab

Controlled benchmark using several thousand prompts varied by need state, price constraint, household
type, retailer, product attribute, and autonomy level.

Eight-Week Behavioral Validation

Longitudinal subsample documenting Al interactions, recommendations, consideration sets, final
purchases, and transaction evidence with explicit consent.

Al/Data Science Benchmark

Comparative testing of statistical, ML, generative, and agentic approaches across prediction, churn,
switching, uplift, segmentation, and recommendation tasks.

Quality-control principles

e Business and technical questionnaires are separated so role-specific knowledge is measured rather than
inferred.

e Screening logic confirms direct responsibility for consumer intelligence, analytics, Al, data engineering,
commerce, or related decision-making.

e Quality control includes duplicate detection, response-time checks, straight-line detection, contradiction
checks, and open-ended response review.

e Analysis maintains a clear distinction between observed behavior, stated attitudes, statistical estimates, and
causal conclusions.

e Primary hypotheses and index construction rules are specified before outcome analysis to reduce analytical
flexibility and support reproducibility.

e Model outputs used in benchmarking retain data provenance, reproducible configuration, and evaluation
logs.

e Margin-of-error calculations are used only when the underlying sampling design supports probabilistic
inference; probability sampling is not implied where it is not used.
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Triangulation across evidence types

The strongest conclusions in consumer intelligence rarely come from one source. Survey evidence
identifies attitudes and stated intent; transaction evidence shows observed behavior; experiments isolate
recommendation effects; longitudinal analysis reveals persistence and switching; technical benchmarking
identifies whether systems can reproduce the result. The report therefore treats convergence across
evidence types as stronger than any single measure in isolation.

The same discipline applies to Al evaluation. A model can score well on one benchmark and still fail in
production because the data distribution changes, the taxonomy evolves, the prompt contains an
ambiguous metric, or an agent invokes a tool outside its intended policy. Reliability is treated as a
continuous operating requirement rather than a one-time acceptance test.

Statistical interpretation is separated by claim type

Prevalence, association, prediction, and causality answer different questions. Prevalence describes how
common a behavior is. Association describes how variables move together. Prediction estimates what is
likely to happen next. Causal inference estimates what would change under an intervention. The report
keeps these claim types distinct because Al-generated narratives can otherwise make predictive or
correlational findings sound causal.

METHODOLOGICAL PRINCIPLE | Al fluency is not evidence. Every high-value output is traceable to source data, governed
metrics, model assumptions, and an explicit validation method.
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FROM PILOT FEATURES TO GOVERNED AUTONOMY

05 The Al-Native Maturity Model

FIVE-STAGE MATURITY PROGRESSION

2 ASSISTED 3 EMBEDDED 4 DECISIONING 5 AUTONOMOUS
Can it work? Can it help? Can it operate on Can it recommend Can it act safely?
governed data? defensibly?
Pilots Analyst augmentation Product integration Prediction + causality ~ Policy-bound agents

Organizations are classified by what their systems can reliably do, not by whether they have launched an Al
initiative. Five maturity stages create a more defensible benchmark.

EXPERIMENTING Isolated pilots; limited proprietary data access; human interpretation dominates.
ASSISTED Al supports search, summarization, coding, and routine analyst workflows.
EMBEDDED Al is integrated into governed analytics products and can query proprietary data

through controlled tools.

Systems combine prediction, causal analysis, scenario modeling, and

DECISIONING o .
prescriptive recommendations.
AUTONOMOUS Agents monitor condltlons., orchestrate.analyses, recommend or execute actions,
and escalate based on policy and confidence thresholds.
Key maturity test

The dividing line between a sophisticated interface and an Al-native intelligence system is whether the
organization can preserve metric definitions, methodological constraints, evidence provenance, and
decision rights when Al operates across multiple steps and tools.

Why maturity cannot be measured by feature count

The number of Al features in a product is a weak measure of maturity. An organization can offer
summarization, chat, automated coding, and recommendation features while still depending on manual
interpretation and inconsistent metric logic. Conversely, a less visible system can be far more mature if it
has governed data services, well-calibrated predictive models, explicit decision policies, and reliable human
escalation.

The maturity model therefore evaluates operating capability. Experimenting organizations prove that a use
case is technically possible. Assisted organizations improve analyst productivity. Embedded organizations
connect Al to governed proprietary data. Decisioning organizations combine prediction, causal evidence,
and business rules to recommend actions. Autonomous organizations permit agents to execute bounded
actions under policy, confidence thresholds, monitoring, and audit.

Autonomy is a governance outcome, not a model capability

A model becomes autonomous only because the surrounding system defines what it may do, what
evidence it must obtain, what confidence is sufficient, what actions require approval, and how failures are
detected. This is why the final maturity stage depends more on architecture and governance than on raw
model intelligence. The system must be able to stop, escalate, and explain itself as reliably as it can act.
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PRIMARY AREAS OF INVESTIGATION

06 The Twelve Al and Data-Science Gaps

Twelve Al/data-science gaps mapped to core enterprise capabilities

Data-to-decision
Causality

Semantic consistency
Agent reliability

Agentic attribution
Algorithmic shelf
Longitudinal intelligence
Global harmenization
Structured + unstructured
Consumer digital twin
Enterprise Al integration

Human expertise Low

Data Methods Al systems Governance Activation

Analytical framework mapping: intensity reflects the degree to which each capability is central to the gap definition
Figure 2. Framework mapping of the twelve gaps to data, methods, Al systems, governance, and activation.

01 Data-to-Decision Gap

Most consumer intelligence environments are optimized for retrospective explanation. They answer what
changed, where the change occurred, and which segment contributed. Decision systems have to go further
by connecting that evidence to an action. The analytical chain becomes: detect the change, diagnose likely
drivers, estimate future impact, evaluate intervention options, recommend a course, and monitor the result.
Each step introduces new methodological requirements and new opportunities for error.

The practical gap is often organizational rather than algorithmic. Data may be available but not decision-
ready; metrics may be trusted but not exposed as services; models may predict well but not connect to
business constraints. Closing the gap requires a shared operating layer in which analytical outputs are tied
to decision rights, measurable objectives, intervention logic, and post-decision validation.

The benchmark measures whether organizations can progress from describing what happened to
explanation, prediction, validated recommendations, and execution.

02 Causality Gap

Prediction and causality are frequently confused because both can identify strong relationships. A
household that receives a promotion may be more likely to purchase, but that does not establish that the
promotion caused the purchase. The household may already have been highly likely to buy. The same
problem appears in Al shopping: Al users may spend more because they are more engaged shoppers, not
because Al increased their spending.

Causal consumer intelligence addresses this problem through experiments and quasi-experimental
methods. Uplift models estimate which consumers respond differently because of an intervention.
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Propensity approaches balance observable differences. Synthetic controls and difference-in-differences
designs estimate counterfactual outcomes when randomized experiments are unavailable. The business
value is not academic precision; it is the ability to allocate spending toward actions that change outcomes
rather than merely correlate with them.

The analysis assesses experimentation, uplift modeling, propensity methods, synthetic controls, and
heterogeneous treatment effects to distinguish prediction from causality.

03 Semantic Consistency Gap

Generative Al exposes a long-standing weakness in analytics organizations: business terms are often more
ambiguous than they appear. Buyer, household, trip, retained customer, new customer, repeat purchase,
incrementality, promotion, share, and conversion can all have multiple valid definitions. Human analysts
learn these distinctions through experience. An agent needs them encoded.

Semantic consistency converts business language into executable definitions. Metric stores define
governed calculations. Ontologies describe relationships among concepts. Knowledge graphs connect
entities and context. Business-rule registries encode exceptions and permissions. Once those components
are machine readable, multiple interfaces and agents can ask the same question and receive
methodologically consistent answers.

The analysis examines metric stores, ontologies, knowledge graphs, and business-rule registries to resolve
inconsistent definitions of buyer, trip, repeat purchaser, penetration, conversion, and incrementality.

04 Agent Reliability Gap

Enterprise reliability is broader than hallucination control. A response can cite a real source and still be
wrong because it used the wrong denominator, mixed time periods, applied an outdated category definition,
or inferred causality from a correlation. Reliability therefore includes retrieval accuracy, calculation integrity,
temporal correctness, policy compliance, confidence calibration, and reproducibility.

A robust agent does not calculate every metric in free-form language. It calls governed analytical services
for calculations that require deterministic logic, retrieves source evidence through controlled pathways, and
records the steps used to form the answer. The objective is not to eliminate uncertainty; it is to make
uncertainty visible, bounded, and auditable.

The benchmark evaluates calculation accuracy, retrieval fidelity, reproducibility, provenance, confidence
calibration, and extrapolation risk.

05 Agentic Commerce Attribution Gap

Al-mediated shopping creates a new attribution problem because influence can occur before a consumer
reaches a retailer. A model can narrow the consideration set, recommend a substitute, change a meal plan,
identify a lower-cost retailer, or construct a cart. Traditional digital attribution may observe the final click
without observing the reasoning that reshaped the decision upstream.

A more complete attribution chain links prompt context, recommendation, consideration, retailer selection,
transaction, and repeat behavior. This makes it possible to distinguish exposure from influence. A
recommendation that is frequently displayed but rarely purchased has a different commercial meaning
from one that generates switching or repeat behavior. The research treats these transitions as separate
measurable events.

The analysis traces prompt to recommendation to transaction to measure Al influence on discovery,
comparison, substitution, and purchase.

06 Algorithmic Shelf Gap

Physical retail provides broad assortment visibility. Search engines provide ranked result pages. Al
interfaces can compress a category into only a few recommendations. That compression changes the
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economics of discovery because inclusion itself becomes scarce. A brand that performs well on physical
shelf or retail search may still be absent from an Al-generated consideration set.

The algorithmic shelf therefore requires its own measures: recommendation share, first-recommendation
share, category authority, substitution exposure, private-label displacement, and recommendation stability
across models and prompt conditions. These measures do not replace traditional share or distribution
metrics. They describe a new layer of visibility that increasingly sits between consumer intent and retailer
execution.

The study quantifies Al recommendation share, first-recommendation share, substitution exposure, and
private-label displacement.

07 Longitudinal Intelligence Gap

Most segmentation freezes the consumer in time. Longitudinal intelligence treats the household as a
changing state. Loyalty can weaken, price sensitivity can increase, a life event can alter category needs, and
a retailer relationship can migrate over months. These transitions are often visible before they appear in
aggregate market share.

Al and sequence modeling make it possible to detect those changes earlier. The most valuable output is
not simply a segment label but an estimate of state, direction, and transition probability: where the
household is now, what it is moving toward, and which evidence supports that assessment. This creates a
foundation for proactive retention, assortment, innovation, and category strategy.

The analysis uses longitudinal behavior to evaluate churn, switching, category entry, life-stage transition,
price sensitivity, and retailer migration.

08 Global Harmonization Gap

Global consumer intelligence is difficult because the same commercial concept is represented differently
across markets. Products are named differently, pack sizes vary, retailer banners change, categories are
organized differently, currencies and promotion structures diverge, and survey language carries cultural
meaning. Simple translation does not solve these structural differences.

Al-assisted entity resolution and ontology mapping can reduce the manual burden of harmonization, but
the target is semantic equivalence rather than linguistic similarity. The system must know when two
products are genuinely comparable, when category definitions should remain local, and which metrics can
be aggregated without distorting meaning. This makes taxonomy governance a core global Al capability.

The analysis evaluates semantic equivalence across product hierarchies, brands, retailers, currencies,
languages, and regional measurement systems.

09 Structured + Unstructured Data Gap

Transaction data is powerful because it records behavior, but it rarely explains the full context behind that
behavior. Survey verbatims, product descriptions, reviews, call-center notes, promotional copy, images,
recipes, and Al conversations contain explanatory information that conventional structured analytics can
underuse. Generative methods make these sources easier to integrate.

The risk is losing traceability. A multimodal system must preserve the connection between a generated
insight and the underlying behavioral evidence. The strongest architecture uses unstructured data to enrich
explanation and discovery while keeping structured, governed measures as the quantitative backbone.
Narrative richness should increase context, not weaken measurement discipline.

The analysis tests whether transactions and survey data can combine with reviews, product text, calls,
images, promotions, social content, and Al conversations without losing traceability.
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10 Consumer Digital Twin Opportunity

A useful consumer digital twin is not a fictional synthetic persona. It is a probabilistic representation of an
observed household that updates as new evidence arrives. Purchase history, category relationships, price
sensitivity, promotion response, stated attitudes, retailer preferences, and Al behavior can be represented

as evolving state variables rather than static profile fields.

The value of the twin is simulation and validation. It can estimate the probability of switching, trial, churn, or
response under defined conditions, then compare those predictions with what the household actually does.
This creates an iterative learning system in which the model is continuously challenged by observed
behavior. Real consumers remain the ground truth.

The study evaluates probabilistic household-state models grounded in longitudinal evidence and validated
against future behavior.

11 Enterprise Al Integration Gap

Consumer intelligence increasingly needs to operate outside the boundaries of a single analytics
application. Users may want an enterprise copilot to retrieve shopper evidence, a category agent to
compare scenarios, or a workflow system to call a forecast during planning. That creates a product
requirement for secure, governed external access.

APIs and model-context protocols can expose data and tools, but integration is not only a transport
problem. The receiving system needs definitions, permissions, statistical limitations, lineage, and allowed
analytical workflows. A mature integration strategy exports not only data but also the rules required to
interpret the data correctly.

The analysis assesses whether proprietary intelligence can operate through copilots, APIs, MCP servers,
workflow agents, and customer-specific Al while preserving permissions and analytical controls.

12 Human Expertise Gap

Al changes the distribution of analyst work rather than simply removing analysts. Routine extraction, first-
pass synthesis, coding, chart production, and repetitive query work can be compressed substantially. The
harder tasks move upstream: deciding what question is worth asking, selecting a defensible design,
identifying confounding, resolving contradictory evidence, setting decision thresholds, and interpreting
uncertainty.

This raises the value of multidisciplinary expertise. The strongest teams combine consumer research,
statistics, data science, data engineering, product knowledge, and Al governance. Expertise becomes less
about manually producing every output and more about designing the system that produces reliable
outputs at scale.

The research identifies which analyst tasks automate, which gain value, and where human judgment
remains essential for problem definition, causal interpretation, governance, and ambiguity resolution.
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BEHAVIOR, TRUST, AND DELEGATION

07 Consumer Al Shopping and Agentic Commerce

AlI-MEDIATED SHOPPING JOURNEY

DISCOVER COMPARE RECOMMEND CART PURCHASE REPEAT
Need state Alternatives Brand / retailer Selection & Transaction Retention / switch
substitution
Prompt Criteria Recommendation Cart edits Receipt / order Next observed trip

Consumer Al research distinguishes general Al usage from shopping-specific delegation. The critical
behavioral variable is not whether a consumer has used an Al assistant; it is how much decision authority
the consumer is willing to transfer to that system.

Delegation is the more important variable than adoption

General Al usage is a weak predictor of how consumers behave in commerce because shopping tasks
carry different perceived risks. Asking for meal ideas requires little commitment. Asking for a brand
recommendation introduces preference risk. Allowing an assistant to substitute a product introduces
financial and experiential risk. Allowing it to transact adds payment, privacy, and accountability concerns.
The report therefore measures delegation as a task-specific continuum.

The same consumer can occupy different points on that continuum depending on category and
consequence. A household may freely delegate commodity purchases while retaining control over products
tied to health, children, allergies, taste, or identity. This means agentic commerce should not be treated as a
single yes-or-no behavior. It is a portfolio of permissions that varies by task, category, price, and trust.

Trust is behavioral, not merely attitudinal

Trust is strongest when it survives an opportunity to override the system. The behavioral validation
component therefore focuses on whether consumers accept recommendations, modify them, defer
purchase, switch brands, or revert to a familiar choice. Repeated acceptance is more informative than a
one-time statement of comfort with Al.

This distinction also helps explain why Al influence can become economically meaningful before full
autonomy is common. Consumers do not need to hand over payment authority for Al to change the basket.
Discovery, comparison, substitution, budget optimization, and retailer selection can alter the transaction
while the consumer remains formally in control.

Shopping activities evaluated

Al shopping activity What is being delegated

Research products Find information or explain options

Compare products Compare features, ingredients, nutrition, price, or value
Recommend a brand Suggest specific branded or private-label options
Recommend a retailer Select where to purchase

Build a meal plan Translate household constraints into purchase requirements
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Create a grocery list Convert needs into a structured list

Build a cart Select products and quantities

Choose substitutions Replace unavailable or expensive items

Reorder Repeat prior purchases

Initiate transaction Move from recommendation into purchasing action

Response dimensions

e Usage

e Trust

e Perceived accuracy

e Willingness to repeat

e Willingness to delegate
e Privacy concern

e Purchase influence

INDEX | Al Shopping Delegation Index: a composite measure of the degree to which consumers are willing to transfer
discovery, comparison, choice, substitution, reordering, and transaction authority to Al.
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MEASURING THE ALGORITHMIC SHELF

08 Prompt-to-Purchase Experimental Lab

CORE STATISTICAL MEASURES

Measure Formula / computation Interpretation

Recommended prompts / relevant prompts

Al Recommendation Share Visibility inside Al-generated consideration sets

x 100
First Recommendation First-position recommendations / relevant .
Prominence of the brand or product
Share prompts x 100

Prompts where incumbent is displaced /

Brand Substitution Rate incumbent-named prompts x 100

Exposure to Al-driven switching

Al Recommendation Observed purchases after recommendation

. . Prompt-to-purchase conversion
Conversion / recommendation exposures x 100 P P

Outcomerate in exposed group - outcome

Incremental Lift rate in matched/control group

Estimated incremental effect of exposure

Absolute or squared gap between predicted

Calibration Error probability and observed frequency

Whether probability estimates are trustworthy

The controlled experimental component uses a broad set of standardized prompts across food, beverage,
household, and personal-care categories. Prompt variants systematically manipulate price, nutrition,
household type, retailer, brand familiarity, and Al autonomy so their effects can be isolated.

Why standardized prompt experiments are necessary

Al recommendations are sensitive to context. Small changes in price constraints, health requirements,
household composition, retailer availability, or wording can change the brands that appear. A structured
prompt design isolates those effects. Rather than treating an Al response as a single anecdote, the
benchmark observes recommendation behavior across repeated, systematically varied conditions.

The experimental unit is therefore not simply the model response. It is the combination of need state,
constraints, category, retailer context, model, and prompt formulation. Repeating the design across models
makes it possible to quantify recommendation stability and identify whether a brand has broad category
authority or appears only under narrow conditions.

The algorithmic shelf changes brand competition

Al can reduce a category from dozens of plausible choices to a small recommendation set. In that
environment, the competitive question becomes whether a brand is eligible for consideration at all. Factors
such as product information quality, price, availability, attribute clarity, nutrition, review context, and model
training or retrieval sources can affect visibility. The result is a new layer of competition that sits upstream
from the retailer page.

Private label is especially important because Al systems can be explicitly asked to optimize value. A
consumer who normally shops by familiarity may be exposed to substitutes that would not have entered
the consideration set in a conventional trip. Measuring whether those recommendations translate into trial,
switching, or repeat behavior turns an abstract Al-search question into a concrete revenue and retention
issue.

From recommendation visibility to commercial attribution

Recommendation share is only the first step. The more valuable measurement links recommendation
exposure to downstream behavior. Consideration, cart addition, retailer choice, purchase, and repeat
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purchase form a sequence that can be analyzed as a funnel or state transition. The commercial objective is
to identify where Al changes behavior and whether the effect persists after the first transaction.

Example experimental prompts

e “What are the healthiest cereals for children under $6?”

e “Build afive-day dinner plan for a family of four for under $100.”

e “Find a high-protein yogurt with low added sugar.”

e “Inormally buy a national brand. What lower-cost alternative should | choose?”
e “Build a diabetic-friendly grocery cart at a mass merchant.”

e “Select school-lunch snacks that satisfy allergy and budget constraints.”

Algorithmic-shelf measurements

Metric Definition

Al Recommendation Share Percentage of relevant prompts in which a brand or product is recommended.
First Recommendation Share Percentage of relevant prompts in which the brand appears first.

Brand Substitution Rate Frequency with which Al displaces an explicitly named incumbent brand.
Private-Label Recommendation Rate Frequency with which private label is preferred to a national brand.

Price Constraint Sensitivity Change in recommendation frequency as budget limits tighten.
Recommendation Stability Consistency across repeated runs and semantically equivalent prompts.
Cross-Model Agreement Degree to which multiple Al systems converge on the same recommendations.
Attribute Accuracy Accuracy of nutrition, ingredient, availability, and product claims.

Hallucination / Error Incidence Rate of unsupported, incorrect, or nonexistent product assertions.
Recommendation Persistence Probability a brand remains recommended as prompt details change.

The attribution chain

Prompt Al recommendation Consideration Retailer choice Transaction Repeat purchase
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WHICH ARCHITECTURE FITS WHICH PROBLEM

09 Technical Benchmark and Model Evaluation

MODEL EVALUATION SCORECARD

Evaluation measure Statistical / ML GenAl / RAG Agentic systems
Predictive accuracy Primary Contextual Contextual
Calibration Primary Secondary Secondary
Causal validity Primary Limited Tool-dependent
Source fidelity N/A Primary Primary
Metric integrity Primary Primary Primary
Retrieval accuracy N/A Primary Primary
Hallucination risk N/A Primary Primary
Reproducibility Primary Primary Primary
Temporal accuracy Primary Primary Primary
Policy compliance Limited Secondary Primary
Escalation behavior N/A Limited Primary
Auditability Primary Primary Primary

The benchmark does not treat a single model family as universally superior. It evaluates which architecture
is appropriate for each analytical problem and documents the tradeoffs among accuracy, interpretability,
cost, latency, reproducibility, and governance.

Method selection is part of model governance

Consumer intelligence contains problems with very different statistical structures. Next-purchase
prediction, churn, causal incrementality, survey synthesis, taxonomy reconciliation, and multi-step workflow
execution are not variants of the same task. Treating a large language model as a universal analytical
engine creates unnecessary risk. The technical benchmark therefore evaluates method fitness: whether the
selected architecture matches the structure of the problem, the level of explainability required, and the cost
of an error.

Classical statistical and machine-learning methods remain essential where prediction, calibration,
uncertainty estimation, and causal identification are primary. Generative systems are strongest where the
task involves language, retrieval, synthesis, explanation, or flexible interaction. Agentic systems add value
when a problem requires controlled sequencing across multiple tools or datasets. The mature architecture
combines these capabilities rather than forcing one model family to perform every function.

Ground truth and repeatability are the benchmark

The evaluation philosophy is intentionally conservative. Fluent output is not treated as proof of analytical
competence. High-value outputs are checked against governed calculations, known source records,
reproducible query logic, and expert review. Where a system makes a probabilistic prediction, performance
is assessed out of sample. Where a system makes a causal claim, identification assumptions are
documented. Where a system retrieves evidence, source fidelity and temporal accuracy are measured.

Problem Candidate methods Evaluation focus
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Next-purchase prediction Gradient boosting / sequence models / temporal

models
Brand-switch propensity Classification / survival / sequence modeling
Promotion response Uplift / causal forests / experiments
Household segmentation Clustering / representation learning
Basket affinity Association / embeddings / graph methods
Natural-language interrogation RAG + governed analytical tools
Causal decisioning Experimentation + causal inference
Agentic research workflow Tool-using agents

Agent reliability evaluation

e Calculation accuracy

e Source fidelity

e Metric integrity

e Retrieval accuracy

e Hallucination rate

e Reasoning consistency

e Reproducibility

e Temporal accuracy

e Confidence calibration

e Policy-compliant tool use
e Escalation behavior

e Unsupported extrapolation

Precision, recall, calibration, lift

AUC, lift, time-to-event accuracy

Incremental treatment effect

Stability, interpretability, actionability

Lift, relevance, incremental value

Metric fidelity, retrieval accuracy, citation
quality

Bias, sensitivity, treatment-effect validity

Task completion, reproducibility,
escalation accuracy

Deterministic calculations and generative explanation serve different roles

High-value enterprise metrics should be calculated by governed analytical services rather than improvised
in free-form generation. A generative model can interpret the output, explain it, compare it with prior
periods, and surface relevant context, but the underlying calculation should remain deterministic when the
business definition demands consistency. This separation preserves both usability and control.

The same principle applies to causal and predictive models. The language model can orchestrate the
workflow and explain results, but it should not silently replace the statistical model used for scoring,
calibration, or treatment-effect estimation. Architecture becomes clearer when each component performs

the task for which it is best suited.

Evaluation must follow the system into production

Model quality changes as data distributions, products, retailers, taxonomies, and user behavior evolve.
Evaluation therefore extends beyond launch. Production systems require monitoring for drift, retrieval
failure, source staleness, cost, latency, confidence, policy violations, and changes in error patterns. For
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agents, monitoring also includes which tools were called, in what order, and whether escalation policies
were followed.
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REPEATABLE MEASUREMENTS FOR ANNUAL TRACKING

10 Proprietary Indices and Scorecards

Twelve repeatable indices organized into four measurement families

Readiness & maturity

= Al Consumer Intelligence Maturity = Al Shopping Delegation
* Executive-Technical Readiness Gap * Al Recommendation Share
* Semantic Readiness = Al Recommendation Conversion

* Al Substitution Exposure

Trust & reliability Activation & prediction

* Consumer Intelligence Trust = Decision Automation Readiness
* Agent Reliability * Longitudinal Predictability
+ Al Data Activation

Figure 3. The twelve indices grouped into readiness, commerce, trust, and activation families.

Why indices matter

Individual survey items and model metrics are useful for diagnosis, but repeated measurement requires
stable constructs. The index system converts complex areas such as maturity, trust, semantic readiness,
and decision automation into transparent multi-item measures that can be trended over time and
compared across respondent groups or organizational segments.

A credible index is more than an average of convenient questions. Its components need a clear conceptual
definition, documented scoring direction, minimum-data rules, and evidence of internal consistency or
predictive validity where appropriate. The report treats index construction as part of the measurement
methodology rather than as a presentation device.

The indices are designed to reveal gaps, not only scores

Some of the most informative outputs come from comparing indices. High Al adoption combined with low
semantic readiness indicates scale without control. High consumer trust combined with low
recommendation conversion suggests favorable attitudes without behavioral impact. High technical
maturity combined with low data activation indicates that strong capabilities are trapped inside specialist
teams. These cross-index patterns turn a scorecard into a diagnostic system.

Index Measurement intent

Al Consumer Intelligence Maturity Index Organizational maturity from experimentation to governed autonomous
decisioning.
Executive-Technical Readiness Gap Difference between leadership perception and practitioner assessment

of technical readiness.
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Al Shopping Delegation Index

Al Recommendation Share

Al Recommendation Conversion Rate

Al Substitution Exposure Index

Consumer Intelligence Trust Index

Semantic Readiness Index

Agent Reliability Index

Decision Automation Readiness Index

Longitudinal Predictability Index

Al Data Activation Index

Consumer willingness to transfer shopping tasks and decision authority
to Al.

Frequency with which a product or brand enters relevant Al
recommendations.

Relationship between recommendation exposure and verified purchase.

Risk that Al shifts consumers toward competing products or private
label.

Confidence in Al-generated research, metrics, methodology, and
explanations.

Readiness of definitions, taxonomies, ontologies, and metric
governance for Al use.

Accuracy, reproducibility, provenance, and methodological compliance
of Al agents.

Ability to move from Al insight to governed action.

Degree to which prior behavior predicts future consumer-state
transitions.

Ability to expose proprietary intelligence safely into external enterprise
Al workflows.
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A SEVEN-LAYER OPERATING MODEL

11 Al-Native Consumer Intelligence Architecture
AI-NATIVE OPERATING STACK

Architecture determines whether Al can be trusted at scale

The seven-layer operating model separates the responsibilities that are often collapsed into a single Al
feature. Ground truth establishes what is known. Data engineering makes observations usable. Semantic
intelligence defines what business concepts mean. Analytical intelligence applies statistical and machine-
learning methods. Generative intelligence provides flexible interaction and explanation. Agentic intelligence
coordinates actions. Governance and verification constrain the entire system.

The ordering matters. A generative interface cannot compensate for weak identity resolution, inconsistent
product attribution, ambiguous metrics, or missing lineage. Conversely, strong data infrastructure becomes
much more valuable when generative and agentic layers make it accessible to a broader population of
decision-makers. Al therefore amplifies both strengths and weaknesses in the underlying data system.

Semantic intelligence is the bridge between data and agents

The semantic layer is where domain knowledge becomes executable. It maps business language to
governed measures, connects entities across datasets, records relationships among products and
categories, and exposes methodology to downstream systems. This layer allows an agent to understand
that two superficially similar questions may require different denominators, time windows, or comparison
groups.

Governance sits across the stack, not at the end

Governance is represented as the upper layer for clarity, but operationally it intersects every component.
Privacy controls affect data ingestion; data lineage affects analysis; model evaluation affects prediction;
permissions affect tool use; confidence thresholds affect automation; and audit requirements affect every
action an agent takes. Trust is produced by these controls working together.

The architecture supports multiple commercial experiences

Once proprietary intelligence is decomposed into governed services, it can support more than a single
dashboard. The same system can power analyst workbenches, executive copilots, customer APIs, retailer
applications, automated research agents, and model-context integrations. This creates leverage from the
underlying data asset without requiring each interface to rebuild the methodology independently.

GOVERNANCE & VERIFICATION
Evaluation | privacy | security | audit | confidence |
escalation

AGENTIC INTELLIGENCE
Monitoring | multi-step analysis | tool use | workflow
execution

GENERATIVE INTELLIGENCE
Natural language | synthesis | explanation | hypothesis
generation
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ANALYTICAL INTELLIGENCE
Statistics | prediction | causality | forecasting |
optimization

SEMANTIC INTELLIGENCE
Ontology | metric definitions | knowledge graph |
provenance

DATA ENGINEERING
Identity | entity resolution | taxonomy | feature engineering

GROUND TRUTH
Transactions | surveys | promotions | product data |
observed behavior

Model evaluation | privacy | security | audit trails | bias testing | confidence

SR L ERIE S thresholds | human escalation

Monitoring | multi-step analysis | tool use | scenario simulation | workflow

AGENTIC INTELLIGENCE . .
execution | cross-agent communication

Natural-language interrogation | synthesis | explanation | hypothesis generation

GENERATIVE INTELLIGENCE . .
| narrative reporting

Statistics | segmentation | prediction | causal inference | forecasting |

ANALYTICAL INTELLIGENCE % .
recommendation | optimization

Business ontology | metric definitions | knowledge graph | methodology registry

SEMANTIC INTELLIGENCE .
| permissions | provenance

Identity resolution | entity resolution | taxonomy management | temporal
alignment | feature engineering

DATA ENGINEERING

Verified consumers | transactions | surveys | promotions | product information |

GROUND TRUTH retailer activity | history

ARCHITECTURAL PRINCIPLE

Enterprise Al becomes dependable when generative intelligence is constrained and informed by
verified data, deterministic methodology, semantic structure, causal reasoning, and continuous
evaluation.
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DECISION PROBLEMS ADDRESSED BY POLLS AND BENCHMARKS

12 Decision Problems Solved by the Research
STATISTICAL OUTPUT DICTIONARY

From research output to decision value

The statistical output dictionary is designed around decisions rather than around techniques. Adoption
measures establish the size of the behavior. Trust and delegation measures establish permission
boundaries. Predictive metrics estimate future behavior. Causal measures estimate intervention effects.
Recommendation metrics describe Al-mediated visibility and influence. Reliability metrics determine
whether the system can be used safely at scale.

This organization prevents a common failure in analytics programs: producing technically sophisticated
outputs that are disconnected from a decision. Each measure in the report maps to an operating question,
a business owner, and a minimum evidentiary standard. The result is a research system that can support
product strategy, commercial planning, governance, and technical architecture at the same time.

Decision quality depends on matching evidence to the claim

A descriptive question can be answered with a weighted rate or distribution. A predictive question needs
out-of-sample performance. A causal question needs a defensible counterfactual. An agent reliability claim
needs reproducibility and failure testing. The report makes these evidentiary thresholds explicit so that a

single impressive metric does not carry more interpretive weight than it deserves.

Output family

Core statistics

Primary use

Interpretive safeguard

Adoption & usage

Trust & delegation

Recommendation visibility

Conversion & switching

Prediction

Causal impact

Agent reliability

Longitudinal change

Incidence, frequency, cohort share

Mean, distribution, threshold, task-
specific score

Share, rank, stability, cross-model
variance

Conversion, repeat, switch rate, survival

AUC, precision/recall, lift, Brier score,
calibration

ATE, CATE, uplift, confidence interval

Groundedness, retrieval precision,
reproducibility, tool success

Transition matrix, hazard rate, retention
curve, time-to-event

Where is Al genuinely in production?

Why do executive and technical views diverge?

Baseline market behavior

Where autonomy is accepted

Algorithmic shelf performance

Behavioral commercial effect

Forecasting and targeting

Incrementality and intervention

Enterprise deployment quality

Dynamic consumer-state analysis

Separate general Al use from
shopping use

Do not aggregate tasks with
different risk

Report prompt universe and
model context

Require observed transaction
linkage

Performance must be out-of-
sample

State identification assumptions

Separate language quality from
analytical correctness

Account for censoring and panel
continuity

Separates experimentation, assistant-level use, embedded
analytics, decisioning, and autonomous workflows.

Measures the gap between perceived Al maturity and the
infrastructure practitioners report is actually available.
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Which Al capabilities do users value?

Where does trust break down?

Can the system prove causality?

Can Al shopping influence be attributed?

Can proprietary metrics survive outside the platform?

Can longitudinal data support proactive insight?

Can global data be harmonized semantically?

What remains a human expert task?
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Ranks practical demand for discovery, prediction,
explanation, causal analysis, automation, and agentic
workflows.

Identifies the point at which consumers and enterprise
users resist delegation, automation, or black-box
recommendations.

Distinguishes predictive accuracy from evidence that an
intervention produced an incremental effect.

Links recommendation exposure to consideration,
transaction, switching, and repeat purchase.

Tests whether business definitions remain stable when
accessed through external agents, APIs, or enterprise
copilots.

Measures whether behavioral history can detect emerging
states and surface issues before an analyst asks.

Tests whether Al can reconcile products, categories,
retailers, and definitions across markets without
corrupting meaning.

Defines where problem framing, judgment, validation, and
causal interpretation remain essential.



WHAT BECOMES MORE VALUABLE IN AN AI-NATIVE MARKET

13 Strategic Implications for Data-Rich Enterprises

Proprietary longitudinal data becomes more strategic

Longitudinal data contains something a foundation model cannot recreate on demand: continuity. It reveals
how a household changes through time and whether a stated attitude is followed by action. When Al
systems need to predict switching, identify early churn, estimate repeat probability, or validate an
intervention, continuity becomes more valuable than a large but disconnected set of observations.

This also changes the return on panel and respondent relationships. A continuing relationship can support
transaction observation, targeted surveys, follow-up experiments, and model validation. The same
underlying relationship can therefore contribute to multiple analytical products while retaining a consistent
identity and history.

Powerful foundation models are widely accessible. High-quality behavioral history, respondent continuity,
category structure, and verified ground truth are much harder to reproduce.

The semantic layer becomes an asset, not plumbing

Historically, taxonomy and metric governance could be treated as back-office work. Al turns it into a visible
product capability. When a user asks a natural-language question, the system has to know which definition,
category, retailer hierarchy, and time basis apply. If those rules are not explicit, the model is forced to
guess.

A strong semantic layer also improves portability. It allows proprietary intelligence to be embedded in
external Al environments without losing the meaning of the original measurement system. That makes
ontology, metadata, and business-rule management a commercial differentiator rather than a maintenance
function.

Definitions, taxonomies, ontologies, metric logic, and business rules determine whether agents can
produce stable enterprise answers.

Causal methods become commercially important

As organizations automate more decisions, the tolerance for weak inference declines. A correlation may be
sufficient to generate a hypothesis, but it is not sufficient to authorize a high-cost intervention. Causal
methods help determine whether a promotion, recommendation, message, assortment change, or pricing
action changed the outcome compared with what would otherwise have happened.

The commercial consequence is a shift from insight reporting toward intervention design. Consumer
intelligence teams become more directly involved in deciding what action to take, for whom, under which
conditions, and how to measure the incremental result.

Executives increasingly need to know what action changes an outcome, not simply what variables are
associated with it.

Al shifts the product from dashboard to decision system

Dashboards assume the user notices the important change and knows what to investigate. Decision
systems can monitor continuously, detect anomalies, formulate hypotheses, call the appropriate analytical
services, and present the evidence in decision-ready form. The user spends less time locating the problem
and more time assessing what to do about it.

This does not eliminate human judgment. It changes the interface between judgment and analysis. The
system performs more of the mechanical search across measures and cohorts, while the human focuses
on materiality, context, tradeoffs, and action.
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The most valuable experience may increasingly detect changes, formulate hypotheses, run analyses,
recommend next steps, and document uncertainty.

External Al access becomes a product requirement

Enterprise users increasingly expect high-value data to appear inside the environments where they already
work. That includes internal copilots, planning tools, data platforms, and workflow agents. Requiring every
decision-maker to open a separate research application can limit the reach of even excellent data.

The strategic response is to expose governed capabilities, not simply raw tables. External access becomes
most valuable when the customer can invoke a trusted metric, analysis, or model through an API or agent
interface and receive the same methodology that would have been applied inside the originating platform.

Clients may expect proprietary consumer intelligence inside their own enterprise Al environment rather than
only inside a separate analytics application.

Verification becomes part of product design

In conventional analytics, validation often occurs before release and remains largely invisible. In Al
products, users need continuing evidence that the system is reliable. Provenance, confidence, citations,
reproducible calculations, evaluation history, and escalation behavior become elements of the user
experience.

This creates a new design principle: trustworthy systems make it easy to inspect how an answer was
formed without forcing every user to become a data scientist. The right level of transparency depends on
the decision risk, but the evidence should be available whenever the answer matters.

Model evaluation, provenance, reproducibility, confidence thresholds, and escalation logic are visible
components of the intelligence system.

Human expertise moves upstream

When Al compresses routine analysis, expert time shifts toward higher-leverage work. Researchers spend
more time defining constructs, designing experiments, resolving contradictions, testing assumptions, and
determining what should be automated. Data scientists spend more time on evaluation, causal design, data
quality, and production monitoring. Domain experts spend more time encoding the business knowledge
that agents need.

The result is not a lower-skill research function. It is a function in which expertise is embedded into
systems and standards so that more users can benefit from it. The organizations that do this well can
scale expert judgment without pretending that judgment has become unnecessary.

Routine analysis becomes more automated while problem definition, methodology, causal reasoning,
governance, and interpretation become more valuable.

Emerging product opportunities

e Al-driven insight discovery that proactively surfaces meaningful behavioral change.
e Conversational analytics grounded in deterministic business calculations.

e Causal decision intelligence for intervention and incrementality questions.

e Al recommendation attribution connecting exposure to verified transactions.

e Algorithmic-shelf measurement for Al-mediated product discovery.

e Dynamic consumer-state modeling and next-state prediction.

e Probabilistic consumer digital twins grounded in observed behavior.

e Agent-ready semantic data services for APIs, copilots, and MCP-based workflows.
e Automated research orchestration from question to analysis to validation.

e Global Al-assisted taxonomy harmonization and entity resolution.

e Continuous agent evaluation, observability, and methodological governance.
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A new product category: Al-native consumer intelligence

Taken together, these opportunities define a product category that is broader than conversational analytics.
Al-native consumer intelligence combines proprietary behavioral data, governed metrics, prediction,
causality, recommendation measurement, and agent orchestration in a single operating model. The
product is not a chatbot placed on top of a database. It is a controlled decision layer built around evidence.

The strongest commercial offerings are likely to combine self-service access with embedded intelligence.
Users can ask questions directly, while the system also monitors the market, detects meaningful changes,
and surfaces issues proactively. High-value workflows can then connect those insights to planning,
research, activation, and measurement.
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FROM ANALYTICS PLATFORM TO AUTONOMOUS DECISION SYSTEM

14 2027-2030 Outlook

Expected evolution of the consumer-intelligence stack

o 2] © o
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Conversational access Proactive intelligence Decision systems Governed agents

Figure 4. Expected evolution from governed conversational access to policy-bound agents.

Eight hypotheses anchor the 2027-2030 outlook and provide a consistent basis for annual measurement of
consumer intelligence and enterprise Al.

Al adoption will exceed Al readiness

Organizations can scale visible Al experiences faster than they can scale semantic governance, causal
methods, model evaluation, and operating controls. This creates a period in which usage metrics look
advanced while the underlying system remains dependent on manual review. The strategic risk is mistaking
interface penetration for institutional capability.

Visible GenAl usage may expand faster than semantic governance, evaluation, causal methods, and
decision controls.

Ground-truth data will increase in value

As model performance converges, differentiated evidence becomes the harder asset to reproduce. Verified
behavior, longitudinal history, high-quality respondent relationships, and category-specific metadata
provide the calibration and validation foundation that generic models lack. Al therefore increases the value
of high-integrity proprietary data rather than making it obsolete.

As models become easier to access, verified longitudinal behavioral data becomes a more important
source of differentiation and validation.

Al will detect questions before users ask them

The next major shift is from reactive query to proactive detection. Systems can monitor cohorts,
categories, retailers, products, and model behavior for statistically meaningful changes, then formulate
hypotheses and recommend follow-up analysis. This moves intelligence closer to continuous surveillance
of the business environment while preserving human control over material decisions.

The next step beyond conversational analytics is proactive detection of anomalies, emerging segments,
switching, and competitive threats.

Causal intelligence will separate analytics from decision systems

Prediction can identify where an outcome is likely. Decisioning requires stronger evidence about what
action changes that outcome. As Al recommendations become embedded in operational workflows, causal
identification and experimentation become increasingly important gates before automated action is
permitted.
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Organizations will increasingly demand evidence about intervention effects before automated systems are
permitted to recommend or execute actions.

Al shopping influence will be measurable before autonomy is widespread

Full autonomous purchasing is not required for Al to affect commercial outcomes. Discovery, comparison,
meal planning, price optimization, retailer selection, and substitution can change the basket while the
consumer still approves the final transaction. Measurement systems that wait for full agentic checkout will
miss an earlier and potentially larger influence layer.

Research, comparison, and substitution can alter purchase behavior well before consumers delegate full
transaction authority.

Enterprise integration will matter as much as the standalone application

Consumer intelligence increasingly competes on accessibility inside the client environment. Governed APls,
toolinterfaces, and agent protocols allow proprietary data to participate in planning, forecasting, marketing,
and operational workflows. The winning architecture preserves methodology while allowing the customer
to choose the interface.

Consumer intelligence increasingly needs to operate within the client's broader Al and data environment.

Semantic architecture will become a strategic asset

Every autonomous system depends on definitions. As agents gain decision authority, inconsistent business
terms become operational risk. Organizations that invest in ontologies, metric stores, taxonomies, lineage,
and rule management gain a durable advantage because their intelligence can be used safely by both
humans and machines.

Metric definitions and taxonomies become part of the product when autonomous agents depend on them.

Expert analysts will not disappear; their work will change

Automation reduces the cost of routine output, but it raises the importance of expertise that determines
what the system is allowed to conclude. Research design, causal reasoning, domain interpretation,
governance, and evaluation become the scarce skills. The analyst increasingly designs and supervises the
intelligence system rather than manually producing every answer.

Al is likely to compress routine production while increasing the value of methodological design, validation,
ambiguity resolution, and governance.

Expected evolution of the intelligence stack

2026-27 2027-28 2028-29 2029-30

Conversational access Proactive intelligence Decision systems Governed agents

Natural-language query over Automated anomaly detection ~ Causal modeling, simulation, Multi-agent execution with
governed data and hypothesis generation and prescriptive policy, confidence, and human
recommendations escalation

STATISTICAL INTERPRETATION FRAMEWORK

How quantitative results are interpreted

Quantitative reporting separates prevalence, association, prediction, and causal impact. Percentages describe
observed or stated incidence; correlations and regression coefficients describe association; out-of-sample
metrics evaluate prediction; and treatment-effect estimates are reserved for designs that support causal
identification. Confidence intervals, calibration diagnostics, subgroup stability, and sensitivity tests are reported
alongside headline measures when statistically appropriate.
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The standard for decision-grade evidence rises with automation

The more an Al system influences action, the stronger the evidentiary standard must become. Low -risk
exploration can tolerate a broader range of hypotheses and descriptive signals. High-impact
recommendations require stronger validation, clear uncertainty, and a defensible link between evidence and
action. Autonomous execution requires an additional layer of policy controls and post-action monitoring.

This graduated standard is central to responsible deployment. It allows organizations to capture the speed
advantages of Al without applying the same level of automation to every problem. The system can be
flexible in exploration and strict in execution.

Core statistics

Analytical claim

Prevalence

Association

Prediction

Causal effect

Agent reliability

Required evidence

Survey or observed behavioral
incidence

Cross-sectional or longitudinal
covariation

Held-out or future observations

Experiment or defensible quasi-
experiment

Benchmark tasks with governed
reference answers

% / rate / distribution

Correlation / odds ratio /
coefficient

AUC / lift / Brier / calibration

ATE / CATE / uplift / CI

Groundedness / retrieval
precision / reproducibility / tool
success
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THE ENDURING ADVANTAGE

15 Conclusion and Author Note

FINAL CONCLUSION

The next generation of consumer intelligence will not be defined by the model alone. It will be
defined by the combination of trusted data, semantic knowledge, analytical methodology, Al
engineering, causal reasoning, longitudinal validation, and governed decision rights.

The first generation of enterprise Al made information easier to retrieve. The next generation will make
decisions easier to formulate. A later generation will increasingly execute those decisions through agents
operating across applications, tools, and proprietary data.

For consumer intelligence, that progression changes the strategic value of the underlying data. Al
interfaces can be replicated quickly. Years of verified behavioral history, respondent relationships, trusted
measures, product hierarchies, category taxonomies, and analytical discipline cannot.

The central research question for 2027 is therefore no longer how to add Al to consumer research. It is how
consumer intelligence changes when both the analyst and the consumer increasingly operate through Al.

A rigorous answer requires more than an adoption poll. It requires business-user evidence, technical-
practitioner evidence, observed consumer behavior, controlled Al experiments, longitudinal validation, and
explicit evaluation of the systems that transform data into decisions.

The enduring competitive advantage

The enduring advantage in consumer intelligence is the ability to transform observed behavior into
trustworthy decisions. Al expands the number of people and systems that can access that intelligence, but
it does not remove the need for disciplined measurement. The opposite is true: once analysis can be
generated instantly and distributed widely, errors can also scale instantly. Methodology therefore becomes
more important as access becomes easier.

The organizations best positioned for the Al-native era are those that treat data, semantics, statistical
methods, generative models, agents, and governance as one integrated system. Their advantage is not
simply that they possess more data or a more capable model. It is that they can move from evidence to
action without losing the chain of trust between the two.

For Applied Al LLC, this framework defines applied artificial intelligence in practical terms: selecting the
right method for the problem, engineering reliable access to proprietary data, validating the system against
reality, and designing automation that respects uncertainty and decision risk. That is the difference
between adding Al features and building Al-native intelligence infrastructure.

This independent research report is authored by Applied Al LLC under the direction of Vasyl Harasymiv,
Founder. The research focuses on applied artificial intelligence, data science, enterprise analytics
architecture, causal decision systems, semantic data design, model evaluation, and governed agentic
workflows.

The methodology is intentionally designed to evaluate Al at the system level rather than the interface level:
how data is represented, how analytical methods are selected, how outputs are validated, how uncertainty
is communicated, how agents interact with governed tools, and how human expertise remains accountable
for high-impact decisions.
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Research contribution

The report brings together consumer research, data science, machine learning, causal inference, semantic
architecture, agent engineering, and governance because the emerging problems do not fit neatly inside
one discipline. Al-mediated commerce is simultaneously a behavioral research problem, a data architecture
problem, a model evaluation problem, and a commercial measurement problem.

The resulting framework is designed to support annual tracking while remaining extensible as new models,
shopping interfaces, and enterprise protocols emerge. The core constructs - ground truth, semantic
consistency, causal validity, recommendation influence, agent reliability, and governed activation - remain
stable even as the underlying technologies change.
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RESEARCH INSTRUMENT MAP

Appendix: Core Poll Modules

Module Research domain

A Organization & respondent qualification

B Al adoption and maturity

Cc Data access and architecture

D Semantic readiness and metric governance
E Prediction and forecasting

F Causal inference and experimentation

G Generative Al and conversational analytics
H Agent reliability and evaluation

| Enterprise integration / APls / MCP

J Agentic commerce and recommendation attribution
K Consumer trust and delegation

L Longitudinal intelligence and dynamic states

M Global data harmonization

N Human expertise and operating-model change

0 Investment priorities and 2027-2030 roadmap
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Selected executive poll questions

Which consumer-intelligence decisions currently use Al in production?

Can users query proprietary behavioral data conversationally?

Can the system combine purchase behavior and survey evidence within one governed workflow?
Can Al explain the methodology and source data supporting an answer?

Can the organization distinguish correlation, prediction, and causality in Al-generated outputs?
Are Al-generated measures independently validated against governed calculations?

Can models identify emerging behavioral changes automatically?

Is there a formal semantic layer defining business metrics and taxonomies?

Can external enterprise agents securely access proprietary intelligence?

Can Al-assisted product discovery be attributed to subsequent purchases?

Can the organization measure brand visibility inside Al recommendations?

How are hallucinations, drift, and confidence calibration monitored?
What requires a human analyst today that is expected to be automated by 2028?
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