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Abstract

Digital commerce is increasingly shaped by two simultaneous filters. Human shoppers still inspect product pages
under limited attention, but autonomous shopping agents and AI answer systems now evaluate the same pages through
structured data, evidence cues, and machine-readable comparison fields. This paper reports a controlled empirical
study of how product-page structure influences agent-mediated visibility and short-window human attention retention.
The study uses a synthetic but fully specified experimental dataset containing 18,240 query-product-page observations
generated from 1,520 product pages across six retail categories, three page-structure conditions, four agent evaluators,
and repeated human exposure logs. The main outcomes are agent selection, source citation, human click-through,
attention half-life, and a composite commerce visibility index. The modeling strategy combines grouped train-test
splits, logistic regression, gradient boosted trees, ridge regression, exponential attention-decay estimation, ablation
tests, permutation importance, and robustness checks with category and query fixed effects. Results show that
structured product pages increase agent selection by 8.7 percentage points relative to narrative pages and increase
citation probability by 6.2 percentage points. Evidence-rich structured pages also retain human attention for longer,
with the fitted median attention half-life rising from 2.81 seconds to 3.46 seconds. Machine-legibility signals remain
predictive after controlling for price, rating, review volume, brand reputation, delivery time, and category. The
results suggest that product-page visibility in agent-mediated commerce depends on both consumer-facing value and
machine-readable evidence organization, with neither channel fully substituting for the other.

1. Introduction

Digital commerce has usually been studied as a search
and choice environment in which consumers inspect in-
formation, compare alternatives, and select products
under cognitive and time constraints. That view re-
mains useful, but it is incomplete for a market in which
product discovery is increasingly mediated by auto-
mated agents, AI search summaries, recommendation
surfaces, and structured comparison systems. A prod-
uct page may now be evaluated by a human shopper
scrolling quickly through a mobile interface and by
an autonomous agent parsing fields, schema, review
summaries, return policies, delivery claims, and prod-
uct specifications. These two audiences are not identi-
cal. Humans are sensitive to visual salience, attention
fatigue, trust, and presentation fluency. Agents are
sensitive to evidence availability, field completeness,
semantic match, and machine-readable structure. A
product page can therefore become commercially visi-
ble through several different mechanisms: it may hold
a consumer’s attention, be selected by an agent, be

cited by an AI answer system, or be ranked as a can-
didate in an automated shopping workflow.

The shift matters because the practical meaning
of visibility changes when the immediate evaluator is
partly algorithmic. In a conventional search environ-
ment, visibility is often approximated by position, im-
pression, and click. Bakos [1] described electronic mar-
kets as systems that reduce search costs by making
product information easier to obtain, while Alba et
al. [2] argued that interactive shopping changes the
balance among consumer search, retailer presentation,
and product comparison. Those arguments assumed
that information access would improve human compar-
ison. In agent-mediated commerce, information access
also changes the ability of nonhuman systems to in-
terpret and rank offers. A page that communicates
adequately to a person may be less useful to an agent
if the product attributes are ambiguous, the specifica-
tions are embedded in prose, and the evidence needed
for comparison is difficult to extract.

The rise of automated comparison also reframes
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older problems in recommender systems and decision
aids. Adomavicius and Tuzhilin [3] described recom-
mender systems as tools that help users manage in-
formation overload by predicting relevant items, while
Burke [4] showed that recommendation can be imple-
mented through knowledge-based, collaborative, content-
based, and hybrid procedures. Those systems usu-
ally support human decision-making, but the new com-
merce setting gives agents a more active role. The
agent may narrow a consideration set, rank products,
summarize alternatives, or select one item for a user-
defined task. When that happens, the brand is com-
peting for both the shopper’s attention and the agent’s
confidence that the product is relevant, comparable,
and adequately evidenced.

This paper studies the interaction between machine
legibility and human attention retention in agent-mediated
commerce visibility. Machine legibility refers to the de-
gree to which a product page presents product informa-
tion in forms that are easy for automated systems to
parse, compare, and use. It includes structured prod-
uct fields, schema markup, specification tables, clear
return-policy statements, normalized price and deliv-
ery information, evidence snippets, and completeness
of product descriptions. Human attention retention
refers to the persistence of observable attention dur-
ing a short exposure window. It is not treated as a
direct measure of mental attention; rather, it is oper-
ationalized through event-level behavioral traces such
as dwell time, scroll stability, hover or touch events,
visible product-region exposure, and click-through.

The empirical setting is a controlled product-page
experiment with 18,240 query-product-page observa-
tions. Each observation combines a query, a product, a
page-structure condition, an agent evaluator, and a hu-
man exposure record. Products appear across apparel,
electronics, home goods, skincare, food appliances, and
educational supplies. Each product is represented in
three page conditions: a narrative page, a moderately
structured page, and an evidence-rich structured page.
The underlying product attributes are held constant
across conditions so that the study can separate page
organization from product quality. Agent evaluators
are asked to choose or cite products under comparison,
recommendation, and evidence-seeking tasks. Human
exposure logs are generated from timed page-inspection
sessions in which participants view candidate product
pages and may click or save a product. The resulting
dataset allows the same product to be evaluated under
both human and machine-facing outcome definitions.

The study has three empirical aims. The first aim
is to estimate whether machine-legible page structure
predicts agent selection and citation after controlling
for price, rating, review volume, brand reputation, de-
livery time, return policy, and category. The second
aim is to estimate whether the same page structure
improves short-window attention retention among hu-

man viewers. The third aim is to examine whether
agent visibility and human attention retention com-
bine into a composite commerce visibility index, or
whether the two channels respond differently enough
that they should be modeled separately. The paper
does not claim that all real agents use the same de-
cision rule or that all retail categories respond equally
to structured content. The empirical claim is narrower:
under controlled conditions, machine-readable page or-
ganization contributes measurable signal beyond con-
ventional product attractiveness variables.

The paper is positioned between several research
traditions. Information economics and online retail re-
search explain why searchable product attributes af-
fect consumer choice. Online review research explains
why rating, volume, sentiment, and reputation alter
trust and sales. Algorithmic gatekeeping research ex-
plains why automated ranking and selection systems
can reshape visibility. Attention and advertising re-
search explain why short exposure windows matter for
human response. Generative search research explains
why evidence, citation likelihood, and source selection
are becoming important visibility outcomes. These tra-
ditions have often been studied separately. In this pa-
per they are joined within one empirical design because
the product page is now a shared object for human and
machine evaluation.

The contribution is empirical and methodological.
It provides a measurement framework for observing
commerce visibility across two channels, defines a re-
producible set of product-page structure variables, esti-
mates interpretable and predictive models, and reports
a set of robustness checks that distinguish machine-
legibility effects from ordinary product-quality effects.
The results show that structured product pages can
improve agent selection and citation while also mod-
estly improving human attention retention. The gains
are not uniform. The largest effects appear for high-
consideration products, comparison-oriented queries, and
pages where structure is paired with evidence rather
than mere formatting. The evidence therefore supports
a cautious interpretation: machine legibility is neither
a substitute for product value nor a cosmetic page fea-
ture, but it is a measurable part of the visibility process
in agent-mediated commerce.

2. Prior Research and Conceptual Framing
Research on online markets has long emphasized that
digital environments reduce some information costs while
creating new forms of comparison complexity. Bakos
[1] treated electronic marketplaces as mechanisms that
lower buyer search costs and intensify price and at-
tribute comparison. Alba et al. [2] developed a related
argument that interactive home shopping changes the
way consumers encounter product information, because
the environment can display, sort, and personalize al-
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ternatives in ways that are difficult in physical retail.
These early arguments remain relevant, but they do
not fully describe a setting in which comparison is
delegated to an autonomous agent. A shopper who
instructs an agent to find a durable backpack under
a budget constraint may not inspect every candidate.
The agent’s ranking becomes part of the market inter-
face.

Online review and reputation research provides a
second foundation. Resnick et al. [5] argued that repu-
tation systems can support trust in electronic markets
by aggregating past-user feedback. Dellarocas [6] ex-
amined online feedback mechanisms as a form of digi-
tized word of mouth, while Chevalier and Mayzlin [7]
showed that online reviews can affect book sales. Later
work by Hu, Pavlou, and Zhang [8] showed that the
distribution and presentation of reviews can shape per-
ceived product quality in ways that are not captured
by a simple mean rating. These findings matter be-
cause autonomous agents often parse reviews, ratings,
and reputation signals as structured evidence. Hu-
man shoppers may be influenced by the same signals,
but the processing route differs. A human may skim
the first few reviews and respond to tone or vividness,
while an agent may use average rating, volume, senti-
ment, and review recency as features.

The recommender-system literature helps explain
how product information becomes operational for au-
tomated choice. Adomavicius and Tuzhilin [3] framed
recommendation as an information-filtering problem,
and Ricci, Rokach, and Shapira [9] described recom-
mendation systems as tools that combine data, prefer-
ence inference, and ranking. Burke [4] distinguished
knowledge-based recommendation from other recom-
mendation families, which is useful here because agent-
mediated shopping often depends on explicit product
constraints rather than only collaborative behavior. If
a user asks for a low-noise blender with dishwasher-
safe parts and a strong return policy, the agent must
identify whether each candidate page contains enough
reliable evidence to support those constraints. This
makes product-page completeness and structured at-
tributes directly relevant to selection.

Algorithmic visibility research adds a further con-
cern: automated systems do not merely retrieve in-
formation; they can determine what becomes practi-
cally visible. Gillespie [10] described algorithms as
systems that shape public relevance, and Introna and
Nissenbaum [11] argued that search engines can privi-
lege some sources through technical ranking processes
that appear neutral. Pasquale [12] connected algorith-
mic opacity to informational power, while Barocas and
Selbst [13] showed how data-driven decision systems
can produce uneven outcomes even without explicit
discriminatory intent. In a commerce setting, agentic
product selection creates a similar visibility issue. A
brand whose product is not parsed, ranked, cited, or se-

lected by an agent may be excluded from the shopper’s
practical consideration set before the shopper evaluates
it directly.

The question of machine legibility is also connected
to structured data on the web. Guha, Brickley, and
Macbeth [14] described Schema.org as a vocabulary
for structured data exchange at web scale. Structured
product data is important because it separates attributes
into recognizable fields that can be retrieved and com-
pared. A product page may state in prose that ship-
ping is free on orders above a threshold, but an agent
may handle the same information more reliably when
shipping cost, delivery time, availability, and return
policy are represented in consistent fields. This does
not mean structured data is always sufficient. A page
can be technically structured but substantively thin.
The empirical issue is whether structured and evidence-
rich presentation adds predictive signal beyond ordi-
nary product appeal.

Generative retrieval research has made this issue
more visible. Karpukhin et al. [15] showed that dense
passage retrieval can support open-domain question an-
swering by retrieving relevant evidence passages, and
Lewis et al. [16] developed retrieval-augmented gener-
ation as a framework in which generated answers are
conditioned on retrieved documents. These approaches
show why evidence selection and citation are not iden-
tical to classic ranked search. A source may be se-
lected because it supplies evidence that fits the query
and can be summarized. In commerce, this means a
product page can gain visibility not only through rank-
ing position but also through its usefulness as evidence
in an answer or recommendation. Török [17] reports
a controlled modeling study of generative engine op-
timization in which evidence-related content signals
and structured source attributes predicted citation out-
comes, which motivates the citation component of the
present design.

Attention research helps describe the human side
of the same problem. Pieters and Wedel [18] showed
that visual attention to advertising is shaped by the
interplay of brand, pictorial, and text elements, while
Teixeira, Wedel, and Pieters [19] studied how video
advertising can lose attention across time. In digital
environments, user exposure is often short and frag-
mented. A page can be technically available but not in-
spected deeply. Goldfarb and Tucker [20] showed that
privacy regulation affected the performance of online
display advertising, illustrating that digital advertising
effectiveness depends on the conditions under which
users encounter messages. For product pages, atten-
tion may decline rapidly when the page fails to pro-
vide clear comparison cues. Török [21] models short-
window consumer attention decay in digital advertising
and reports that behavioral signals across early sec-
onds can be organized into decay ratios and half-life
estimates, which informs the attention-retention mea-
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surement used here.
The study also draws on consumer decision and

persuasion research. Bettman, Luce, and Payne [22]
described consumer choice as constructive and context-
sensitive rather than fixed, while Lynch and Ariely [23]
showed that internet search costs can influence price
sensitivity and preference formation. Moe and Fader
[24] used online browsing behavior to infer purchase
conversion, showing that observable digital traces can
contain meaningful decision information. These find-
ings imply that product-page structure can alter both
information processing and choice. When a page re-
duces comparison effort, a shopper may remain en-
gaged longer and may be more likely to click. When a
page also reduces ambiguity for an agent, it may gain
machine-mediated visibility. The two outcomes are re-
lated but not equivalent.

Recent research on agentic commerce makes the
machine-facing component explicit. Török [25] finds in
a machine-learning analysis of autonomous shopping-
agent brand selection that structured product data
and description completeness were strong predictors of
agent-selected options, alongside price, rating, reputa-
tion, and fulfillment signals. That finding does not de-
termine the present results, because the present study
uses a different dataset and adds human attention mea-
surement, but it provides a direct empirical reason to
test machine-legibility variables in a combined human-
agent setting.

The conceptual model used in this paper separates
product value, machine legibility, and attention sup-
port. Product value includes price, rating, review vol-
ume, reputation, availability, delivery time, and return
conditions. Machine legibility includes structured data,
field completeness, schema presence, specification ta-
bles, evidence snippets, normalized policy information,
and semantic match between query and product page.
Attention support includes visible summary hierarchy,
comparison cues, concise benefit statements, and re-
duced scanning friction. A page can score high on one
dimension and low on another. A cheap product with
strong reviews may still be weakly legible if the page
has incomplete specifications. A page with excellent
schema may still fail if the product is poorly rated or
expensive. A visually attractive page may hold atten-
tion but fail to supply enough evidence for an agent to
cite it. The empirical design therefore estimates each
channel separately before combining them into a visi-
bility index.

3. Data and Experimental Design
The study uses a controlled dataset constructed to
represent product discovery under agent-mediated and
human-facing commerce conditions. The dataset con-
tains 18,240 query-product-page observations. These
observations are derived from 1,520 unique products

across six categories: apparel, electronics, home goods,
skincare, food appliances, and educational supplies. Each
product has a base attribute profile containing price,
discount, average rating, review volume, review senti-
ment, brand reputation, stock status, shipping cost, de-
livery time, warranty clarity, return-policy score, and
category. Each product is then rendered under three
page-structure conditions. The first condition is a nar-
rative page that describes the product primarily in
prose. The second condition is a structured page with
normalized product fields, bullets, and a specification
table. The third condition is an evidence-rich struc-
tured page that includes the same structured fields plus
review evidence, comparison claims, source-backed qual-
ity statements, and policy summaries.

The design deliberately holds underlying product
attributes constant across page-structure variants. This
allows differences in agent selection, citation, click-through,
and attention retention to be attributed to page orga-
nization rather than to differences in price, rating, or
product quality. For example, a pair of noise-canceling
headphones has the same price, rating, review volume,
delivery time, and warranty under each condition. What
changes is how the product information is presented.
In the narrative condition, battery life and return pol-
icy may appear in a paragraph. In the structured con-
dition, battery life appears in a product field and re-
turn policy appears in a policy block. In the evidence-
rich condition, battery life appears in the field, the com-
parison table, and a concise evidence statement based
on verified review summaries.

The query set contains 760 unique shopping queries.
Queries are assigned to four intent types: comparison,
recommendation, constraint satisfaction, and evidence-
seeking. A comparison query asks the system to com-
pare alternatives. A recommendation query asks for a
suitable product under broad preferences. A constraint-
satisfaction query includes explicit conditions such as
budget, delivery time, material, size, or return policy.
An evidence-seeking query asks which product is best
supported by reviews, specifications, or independent
evidence. Each query is paired with several product
candidates from the same category. Candidate sets
contain eight products, and the page variant for each
product is rotated across tasks so that the same prod-
uct is not always displayed in the same structural con-
dition.

Four agent evaluators are simulated as distinct re-
trieval and ranking systems. The first agent is price-
sensitive and gives stronger weight to relative price and
delivery cost. The second is review-sensitive and gives
stronger weight to rating, review sentiment, and re-
view volume. The third is evidence-sensitive and gives
stronger weight to structured product information, pol-
icy clarity, and evidence density. The fourth is bal-
anced and weighs price, quality, reputation, fulfillment,
and structure more evenly. Each agent evaluates can-
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Figure 1. Structured and evidence-rich pages raise agent selection, citation, click-through, and attention persistence in the
same monotone direction, with the largest absolute movement concentrated in machine-facing outcomes.
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Figure 2. Treatment contrasts show that evidence-rich structure produces the largest selection and citation gains, while
the odds-ratio panel keeps the direction and magnitude visible on a multiplicative scale.

didate sets under the same query conditions and pro-
duces two outcome labels: selected product and cited
product. Selection means the agent chooses the prod-
uct as the recommended option. Citation means the
agent uses the product page as a supporting source in
an answer. Selection and citation overlap, but they
are not identical, because a product can be cited as
evidence without being chosen as the final recommen-
dation.

Human exposure records are generated from timed
page-inspection sessions. Each page view includes event-
level observations at 0, 1, 2, 3, 5, and 8 seconds. The
event records include visible page share, dwell time in
the product-information region, scroll depth, interac-
tion event, and click or save outcome. Attention score
is constructed from standardized visible share, dwell
time, scroll stability, and interaction signals. This
score is bounded between 0 and 1. The impression-level
attention-retention outcome is the estimated attention
half-life, defined as the number of seconds required for
attention to fall by half from the estimated initial level
after accounting for a lower attention floor. A higher

half-life indicates slower decay.
The primary machine-facing outcomes are agent se-

lection and citation. Agent selection is a binary vari-
able equal to 1 if a product is chosen by the agent
within a candidate set. Citation is a binary variable
equal to 1 if the product page is cited in the agent-
generated answer. The primary human-facing outcomes
are click-through and attention half-life. Click-through
is a binary variable equal to 1 if the participant clicks,
saves, or expands the product after exposure. Atten-
tion half-life is continuous. The composite commerce
visibility index combines standardized selection prob-
ability, citation probability, click-through probability,
and attention-retention score. The index is used only
as a secondary outcome because the component mea-
sures are substantively different.

Machine-legibility variables are measured at the page
level. Structured field completeness records the share
of required attributes represented in machine-readable
fields. Schema validity records whether product, of-
fer, review, and aggregate rating fields pass validation
checks. Specification-table depth records the number
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Figure 4. Attention decay slows as page structure becomes more evidence-rich, extending the fitted half-life from 2.81
seconds to 3.46 seconds within the eight-second exposure window.

and completeness of comparable product attributes. Ev-
idence density records the number of concise claims
supported by review summaries, verified specifications,
or policy statements per 500 words. Semantic match
records cosine similarity between the query embedding
and the product-page evidence blocks. Policy clarity
records whether return, warranty, shipping, and avail-
ability conditions are explicit and consistently format-
ted. Description coherence records whether the page
description avoids contradictions among title, bullets,
specifications, and policy blocks.

Human attention-support variables are measured
separately. Summary salience records whether the first
visible product region contains a concise claim that
matches the query. Visual hierarchy records whether
price, rating, delivery, and primary specification are
visible above the fold. Scan friction records the esti-
mated number of screen regions a user must inspect to
answer the query. Comparison cue availability records
whether the page includes direct product-to-need map-
ping, such as compatibility, use case, or constraint sat-
isfaction. These variables are correlated with machine-

legibility variables but are not identical. A page may
have valid schema that is invisible to the user, and a
visually clean page may lack structured metadata.

The dataset is split by query and product group
rather than by individual observation. This prevents
the same query-product pair from appearing in both
training and test sets under different page variants.
The training set contains 70% of query groups, the
validation set contains 10%, and the test set contains
20%. All reported predictive metrics use the held-out
test set unless otherwise noted. Statistical inference for
treatment effects uses cluster-robust standard errors at
the product and query levels. The analysis also reports
bootstrap confidence intervals with 1,000 resamples of
query groups. Because candidate products are nested
inside comparison tasks, ranking metrics are computed
within task-level candidate sets rather than at the row
level alone.

The experimental design is not intended to mimic
every commercial platform. It is a controlled testbed
for estimating how page structure affects several vis-
ibility outcomes when product value is held constant.
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Figure 6. Ranking performance improves when product value and machine-legibility signals are combined, and the ablation
losses identify distinct channels for selection, citation, and click-through prediction.

The design has three advantages. First, it separates
product quality from page organization. Second, it ob-
serves both agent and human outcomes for the same
products. Third, it supports both causal-style compar-
isons across randomized page variants and predictive
modeling across high-dimensional features. Its main
limitation is that it uses a controlled synthetic data-
generating process rather than live marketplace trans-
actions. The interpretation of the results therefore
focuses on mechanism and measurement rather than
population-level market shares.

4. Empirical Strategy
The empirical strategy combines treatment-effect es-
timation, supervised prediction, attention-decay mod-
eling, ablation analysis, and robustness checks. The
first part estimates whether page-structure conditions
change the probability of agent selection, citation, click-
through, and high attention retention. The second
part evaluates how well page, product, query, and agent

features predict the same outcomes in held-out data.
The third part examines whether machine-legibility vari-
ables retain predictive value when conventional product-
quality variables are removed or controlled.

The main binary-outcome model is a logistic re-
gression with category, query-intent, and agent fixed
effects. The dependent variable is either agent selec-
tion, citation, or click-through. The key independent
variables are page-structure indicators. Product value
controls include relative price within the candidate set,
average rating, log review volume, review sentiment,
brand reputation, stock status, shipping cost, delivery
days, warranty clarity, and return-policy score. Page-
structure controls include structured field complete-
ness, schema validity, specification-table depth, evi-
dence density, semantic match, policy clarity, and de-
scription coherence. The model is written as follows:

Pr(yiqpa = 1) = Λ(α+ τ1Siqp + τ2Eiqp)

+ Λ(β′Xip + γ′Miqp + δq + κc + ηa),
(1)
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Figure 7. The visibility index favors evidence-rich pages under both weighted and equal-weight specifications, while
calibration slopes remain near one and selection overlaps only moderately with click-through.

where yiqpa is an outcome for product i, query q, page
condition p, and agent a. Siqp indicates the struc-
tured page condition, Eiqp indicates the evidence-rich
structured condition, Xip contains product value con-
trols, Miqp contains machine-legibility measures, δq is
a query-intent effect, κc is a category effect, and ηa is
an agent effect. The notation separates the random-
ized page condition from continuous machine-legibility
features, because the structured condition changes sev-
eral machine-legibility variables at once.

For attention retention, the event-level attention
score is modeled with an exponential decay curve. Each
exposure has observed attention Ait at elapsed second
t. Attention is assumed to decline from an initial level
toward a floor. The fitted decay parameter λi is con-
verted into a half-life. The model is:

Ait = ϕi +ωi exp(–λit) + εit

hi =
log(2)
λi

, (2)

where ϕi is the attention floor, ωi is the initial ampli-
tude above the floor, and hi is the attention half-life.
The half-life is then used as a dependent variable in
a ridge regression and as a component of the visibil-
ity index. The floor is constrained to remain between
0 and 0.25 because the page can retain some residual
attention even when active inspection has declined.

The composite visibility index is defined after stan-
dardizing the four component outcomes. It is not treated
as a causal primitive. It is used to summarize whether
a product page performs well across agent and human
channels. The index is:

Vi = 0.30z(ŝi) + 0.25z(ĉi)

+ 0.25z(k̂i) + 0.20z(hi), (3)

where ŝi is predicted agent selection probability, ĉi
is predicted citation probability, k̂i is predicted click-
through probability, and hi is attention half-life. The
weights give slightly more emphasis to selection be-
cause selection is the most restrictive agent-mediated

outcome, but the robustness section reports alternative
equal-weight specifications.

Predictive models are trained for each major out-
come. Logistic regression provides an interpretable
baseline for selection, citation, and click-through. Gra-
dient boosted trees provide a nonlinear benchmark.
Random forests are used as an additional robustness
model for feature importance. Ridge regression pre-
dicts attention half-life. The classification metrics in-
clude ROC-AUC, PR-AUC, Brier score, log loss, F1
score, and calibration slope. Ranking metrics include
top-one accuracy, top-three accuracy, mean selected
rank, NDCG@3, and recall@3 within candidate sets.
For attention half-life, the metrics are RMSE, MAE,
and out-of-sample R2. Grouped splits ensure that the
same query-product relation does not leak across train
and test partitions.

The ablation analysis estimates the contribution of
feature families. The full model includes product value,
machine legibility, human attention support, query in-
tent, category, and agent indicators. The product-
value-only model includes price, rating, review, brand,
and fulfillment variables. The machine-legibility-only
model includes structured data, schema, specifications,
evidence, semantic match, and policy clarity. The no-
legibility model removes all machine-legibility variables
from the full model. The no-product-value model re-
moves price, rating, review, reputation, and fulfillment
variables. Differences in ROC-AUC, PR-AUC, and
NDCG@3 indicate how much each feature family con-
tributes to prediction.

Permutation importance is computed on the test
set. For each feature, values are randomly permuted
within category and query-intent strata, and the de-
crease in model performance is recorded. Stratified
permutation is used because unconstrained permuta-
tion could produce unrealistic product profiles, such as
premium electronics with implausible shipping or rat-
ing patterns. Importance is measured as the average
decrease in ROC-AUC for binary outcomes and the
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Table 1. Descriptive Outcomes by Page Condition

Metric Narrative Structured Evidence‑Rich Change vs Narrative
Agent Selection (%) 18.4 24.9 27.1 +8.7
Citation Rate (%) 22.7 27.8 28.9 +6.2
Click‑Through (%) 11.8 14.2 15.6 +3.8
Attention Half‑Life (s) 2.81 3.19 3.46 +0.65

Table 2. Main Treatment Effects on Agent Outcomes

Condition Selection Effect (pp) Citation Effect (pp) Odds Ratio
Structured 6.5 5.1 1.44
Evidence‑Rich Structured 8.7 6.2 1.63
Evidence‑Seeking Queries – 9.8 –
Product Fixed Effects Model 7.9 5.8 –

average increase in RMSE for attention half-life. This
approach does not prove causality, but it helps iden-
tify which variables contribute to prediction after the
model is trained.

The main treatment estimates are interpreted as
conditional differences rather than universal effects. For
example, an 8.7 percentage point increase in agent se-
lection for structured pages means that, within this
controlled design and after adjustment, structured pages
are selected more often than narrative pages. It does
not mean every real shopping agent will increase selec-
tion by the same amount. The purpose of the analysis
is to estimate whether page organization has measur-
able effects under controlled conditions and whether
those effects remain visible across models, outcomes,
and robustness checks.

5. Results
The descriptive statistics show that page-structure con-
ditions change both machine-facing and human-facing
outcomes. In the narrative condition, the average agent
selection rate is 18.4%, the citation rate is 22.7%, the
human click-through rate is 11.8%, and the median
attention half-life is 2.81 seconds. In the structured
condition, selection rises to 24.9%, citation rises to
27.8%, click-through rises to 14.2%, and median atten-
tion half-life rises to 3.19 seconds. In the evidence-rich
structured condition, selection reaches 27.1%, citation
reaches 28.9%, click-through reaches 15.6%, and me-
dian attention half-life reaches 3.46 seconds. The dif-
ferences are larger for agent outcomes than for human
click-through, but all four outcomes move in the same
direction.

The main logistic treatment model shows that struc-
tured pages increase agent selection by 6.5 percent-
age points relative to narrative pages, while evidence-
rich structured pages increase selection by 8.7 percent-
age points. The corresponding odds ratios are 1.44

and 1.63. Both estimates are statistically distinguish-
able from zero under cluster-robust and bootstrap in-
tervals. For citation probability, structured pages in-
crease citation by 5.1 percentage points and evidence-
rich structured pages increase citation by 6.2 percent-
age points. The effect is strongest for evidence-seeking
queries, where the evidence-rich structured condition
increases citation by 9.8 percentage points. This pat-
tern is consistent with the interpretation that citation
depends not only on product appeal but also on whether
a page supplies usable evidence.

The product-value controls behave as expected. Lower
relative price increases selection, especially for price-
sensitive and balanced agents. Higher average rating,
larger review volume, positive review sentiment, and
stronger brand reputation all increase both selection
and click-through. Delivery time has a negative asso-
ciation with selection and click-through, while return-
policy score has a positive association. These effects
show that machine legibility does not replace ordinary
commerce variables. A well-structured page for an ex-
pensive, poorly rated, slow-delivery product still per-
forms weakly. The legibility effect is best understood
as an additional channel that changes how easily exist-
ing product value can be interpreted and compared.

The machine-legibility variables retain independent
predictive value after controlling for product value. In
the full selection model, the largest standardized co-
efficients are relative price at –0.46, structured field
completeness at 0.39, average rating at 0.34, evidence
density at 0.31, review volume at 0.29, semantic match
at 0.27, return-policy score at 0.21, brand reputation
at 0.19, and delivery time at –0.17. For citation, ev-
idence density becomes the largest positive coefficient
at 0.44, followed by semantic match at 0.37, structured
field completeness at 0.33, schema validity at 0.25, and
specification-table depth at 0.22. This coefficient pat-
tern indicates that selection and citation are related
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Table 3. Largest Standardized Coefficients

Variable Selection Model Citation Model
Relative Price ‑0.46 –
Structured Field Completeness 0.39 0.33
Evidence Density 0.31 0.44
Semantic Match 0.27 0.37
Average Rating 0.34 –
Schema Validity – 0.25

Table 4. Attention Decay Estimates

Condition Decay Rate Half‑Life (s) Relative Change
Narrative 0.247 2.81 Baseline
Structured 0.217 3.19 +13.5%
Evidence‑Rich Structured 0.200 3.46 +23.1%
Matched Word Count Model – 3.29 +0.48 s

but not identical. Selection is more price-sensitive; ci-
tation is more evidence-sensitive.

The attention-decay estimates show slower atten-
tion loss for structured and evidence-rich pages. The
global fitted decay rate for narrative pages is 0.247,
corresponding to an estimated half-life of 2.81 seconds.
For structured pages, the fitted decay rate is 0.217, cor-
responding to a half-life of 3.19 seconds. For evidence-
rich structured pages, the fitted decay rate is 0.200,
corresponding to a half-life of 3.46 seconds. The im-
provement is modest in absolute seconds but meaning-
ful within an eight-second exposure window. The effect
is largest for comparison queries, where visible specifi-
cations and evidence cues reduce scanning friction. It
is smaller for low-consideration products, where users
often decide quickly from price and image.

The ridge model predicting attention half-life achieves
an out-of-sample R2 of 0.41, RMSE of 0.39 seconds,
and MAE of 0.28 seconds. The strongest predictors
of longer half-life are summary salience, visual hier-
archy, structured specifications, evidence density, and
query-page semantic match. Scan friction is negatively
associated with half-life. Price and rating predict click-
through more strongly than they predict attention half-
life, suggesting that attention retention is partly driven
by page processing fluency rather than only by prod-
uct attractiveness. A page can hold attention because
it helps the user compare details, even if the user does
not ultimately click.

The predictive classification models show that agent
outcomes are more predictable than human click-through.
For agent selection, logistic regression reaches a test
ROC-AUC of 0.872, PR-AUC of 0.541, Brier score of
0.118, and F1 score of 0.612 at the tuned threshold.
Gradient boosted trees improve ROC-AUC to 0.889
and PR-AUC to 0.566, but calibration is slightly worse

without post-hoc calibration. For citation, logistic re-
gression reaches ROC-AUC of 0.861 and PR-AUC of
0.603, while gradient boosted trees reach ROC-AUC of
0.884 and PR-AUC of 0.631. Human click-through is
less predictable, with logistic regression at ROC-AUC
of 0.742 and gradient boosting at 0.761. This differ-
ence is expected because human click behavior includes
more idiosyncratic variation than rule-governed agent
evaluation.

Task-level ranking metrics confirm the classifica-
tion results. In eight-product candidate sets, the full
gradient boosted selection model ranks the agent-selected
product first in 61.8% of test tasks and within the top
three in 91.4% of test tasks. The mean selected rank is
1.82. The full citation model reaches NDCG@3 of 0.786
and recall@3 of 0.884. By contrast, a product-value-
only model ranks the selected product first in 49.6%
of test tasks and within the top three in 82.7%. A
machine-legibility-only model ranks the selected prod-
uct first in 43.2% and within the top three in 79.5%.
These results show that product value and machine leg-
ibility each contain substantial information, while the
full model performs best.

Ablation tests show that removing machine-legibility
variables reduces selection-model ROC-AUC from 0.872
to 0.826 and PR-AUC from 0.541 to 0.472. Removing
product-value variables reduces ROC-AUC from 0.872
to 0.813 and PR-AUC from 0.541 to 0.451. Remov-
ing attention-support variables has a smaller effect on
agent selection, reducing ROC-AUC to 0.858. For ci-
tation, removing machine-legibility variables produces
the largest decline, reducing ROC-AUC from 0.861 to
0.791 and PR-AUC from 0.603 to 0.492. For click-
through, removing attention-support variables causes
the largest decline, reducing ROC-AUC from 0.742 to
0.701. The ablation pattern supports the conceptual
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Table 5. Predictive Model Performance

Task Model ROC‑AUC PR‑AUC F1 Score
Selection Logistic Regression 0.872 0.541 0.612
Selection Gradient Boosting 0.889 0.566 –
Citation Logistic Regression 0.861 0.603 –
Citation Gradient Boosting 0.884 0.631 –
Click‑Through Logistic Regression 0.742 – –
Click‑Through Gradient Boosting 0.761 – –

Table 6. Ranking Performance Across Candidate Sets

Model Top‑1 Accuracy (%) Top‑3 Recall (%) Mean Rank
Full Gradient Boosted Model 61.8 91.4 1.82
Product‑Value Only 49.6 82.7 –
Machine‑Legibility Only 43.2 79.5 –
Citation Model NDCG@3 78.6 88.4 –

distinction among the channels.
Permutation importance offers a similar view. In

the agent-selection model, the most important vari-
ables are relative price, structured field completeness,
average rating, evidence density, review volume, se-
mantic match, return-policy score, and delivery time.
In the citation model, evidence density, semantic match,
structured field completeness, schema validity, and source-
like claim formatting are the leading variables. In the
click-through model, visual hierarchy, price, summary
salience, rating, scan friction, and delivery time are
most important. In the attention half-life model, sum-
mary salience, structured specifications, scan friction,
evidence density, and visible comparison cues are most
important. The same page feature can therefore mat-
ter for different reasons across outcomes.

The interaction results show that machine legibility
is most valuable when product quality is at least moder-
ate. Among products in the bottom quartile of ratings,
the evidence-rich structured condition increases agent
selection by only 2.1 percentage points. Among prod-
ucts in the middle two rating quartiles, it increases
selection by 8.4 percentage points. Among products
in the top quartile, it increases selection by 10.7 per-
centage points. This pattern suggests that structure
helps surface and substantiate product value, but it
does not fully compensate for weak product signals. A
similar interaction appears for price. For products in
the cheapest quartile, structured presentation adds 4.8
percentage points to selection. For products in the sec-
ond and third price quartiles, it adds 8.9 percentage
points. For the most expensive quartile, it adds 6.1
percentage points, mostly when evidence density and
review quality are strong.

Category heterogeneity is also visible. Electronics
and skincare show the largest legibility effects, because

users and agents both require more evidence to com-
pare specifications, ingredients, compatibility, claims,
or performance. Apparel shows smaller effects, be-
cause image, size, and brand style dominate more of
the choice process. Home goods and food appliances
fall between these extremes. Educational supplies show
strong attention-retention effects but more moderate
selection effects, because several products are inexpen-
sive and quickly comparable. These category results
are consistent with the idea that machine legibility
is most consequential when product claims are mul-
tidimensional and comparison requires structured evi-
dence.

The visibility index summarizes the combined pat-
tern. Evidence-rich structured pages score 0.42 stan-
dard deviations higher on the composite index than
narrative pages. Structured pages score 0.29 standard
deviations higher. When the index is decomposed, 46%
of the gain comes from agent selection and citation,
31% from human click-through, and 23% from atten-
tion half-life. Equal-weight versions of the index pro-
duce the same ordering, though the effect size falls
slightly to 0.37 standard deviations for evidence-rich
pages. This shows that the composite result is not
driven by one arbitrary weighting scheme.

Calibration checks show that the logistic models are
reasonably calibrated for selection and citation. The
selection model has a calibration slope of 0.94 and inter-
cept of 0.01 on the test set after isotonic calibration is
avoided. The citation model has a calibration slope of
0.91. Gradient boosted trees provide higher discrimina-
tion but overstate probabilities in the top decile unless
calibrated. Because the paper is concerned with both
explanation and prediction, the logistic model is used
for coefficient interpretation and the boosted model is
used as a nonlinear predictive benchmark. The two
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Table 7. Ablation Test Results

Removed Variable Group Selection ROC‑AUC Citation ROC‑AUC Click ROC‑AUC
None (Full Model) 0.872 0.861 0.742
Machine Legibility 0.826 0.791 –
Product Value 0.813 – –
Attention Support 0.858 – 0.701

Table 8. Interaction Effects by Product Quality

Segment Selection Gain (pp) Main Pattern
Bottom Rating Quartile 2.1 Weak response
Middle Rating Quartiles 8.4 Strong response
Top Rating Quartile 10.7 Strongest response
Cheapest Price Quartile 4.8 Moderate gain
Middle Price Quartiles 8.9 Highest gain
Most Expensive Quartile 6.1 Evidence dependent

models agree on the relative importance of machine-
legibility variables.

The results also show that agent selection and hu-
man click-through are only moderately correlated. The
product-level correlation between predicted selection
probability and predicted click-through probability is
0.48. Some products are agent-visible but less human-
clickable, often because the page has strong evidence
and structure but weak visual appeal. Other prod-
ucts are human-clickable but less agent-visible, often
because images, price, or brand appeal are strong while
structured evidence is incomplete. This moderate cor-
relation supports the decision to model the channels
separately rather than treating one as a proxy for the
other.

6. Robustness and Validation
Several robustness checks are used to assess whether
the main results depend on modeling choices. The first
check re-estimates the treatment models with prod-
uct fixed effects. This specification compares differ-
ent page structures for the same underlying product.
The evidence-rich structured condition remains posi-
tive for selection, citation, click-through, and attention
half-life. The selection effect falls from 8.7 to 7.9 per-
centage points, while the citation effect falls from 6.2
to 5.8 percentage points. The reduction is expected
because product fixed effects absorb stable product at-
tractiveness. The remaining effect indicates that page
organization contributes beyond fixed product quality.

The second check removes all products with ex-
treme prices or extremely high review volume. This ad-
dresses the possibility that the legibility effect is driven
by a small number of premium products or very popu-
lar products. After trimming the top and bottom 2.5%
of price and review-volume distributions, the evidence-

rich structured condition increases selection by 8.1 per-
centage points and citation by 5.9 percentage points.
The attention half-life gain remains 0.58 seconds. The
results therefore do not depend on outlier products.

The third check estimates separate models by agent
type. The evidence-sensitive agent shows the largest
response to machine legibility, with a 12.4 percentage
point increase in selection for evidence-rich structured
pages. The balanced agent shows an 8.6 percentage
point increase. The review-sensitive agent shows a
7.3 percentage point increase, mostly when review evi-
dence is clearly summarized. The price-sensitive agent
shows a smaller 4.9 percentage point increase. This
heterogeneity is useful because it shows that machine
legibility is not uniformly weighted by all agents. Nev-
ertheless, every agent type responds positively to struc-
ture when product value controls are included.

The fourth check estimates separate models by query
intent. Evidence-seeking queries show the largest cita-
tion effect, comparison queries show the largest attention-
retention effect, and recommendation queries show the
largest combined visibility-index effect. Constraint-
satisfaction queries respond strongly to field complete-
ness, especially when constraints involve size, compati-
bility, delivery, warranty, or return policy. These pat-
terns support the claim that structure matters most
when it helps resolve a specific information need. A
generic structured page is less useful than a structured
page whose fields map clearly to the query.

The fifth check replaces the binary page-condition
indicators with continuous machine-legibility measures.
Structured field completeness, evidence density, and
semantic match remain significant predictors of selec-
tion and citation. A 10-point increase in structured
field completeness is associated with a 2.3 percentage
point increase in selection probability. A 10-point in-
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Table 9. Robustness and Validation Checks

Check Selection Effect Citation Effect Key Finding
Product Fixed Effects 7.9 pp 5.8 pp Effect persists
Outlier Removal 8.1 pp 5.9 pp Stable estimates
Evidence‑Sensitive Agent 12.4 pp – Largest response
Matched Word Counts – – Half‑life still positive
Equal Weight Visibility Index 0.37 SD – Same ordering
Agent‑Weighted Visibility Index 0.48 SD – Stronger gain

Table 10. Visibility Index and Calibration Metrics

Metric Structured Evidence‑Rich Notes
Visibility Index Gain (SD) 0.29 0.42 Composite metric
Equal‑Weight Index Gain – 0.37 Robust ordering
Selection Calibration Slope 0.94 – Well calibrated
Citation Calibration Slope 0.91 – Stable probabilities
Selection–CTR Correlation 0.48 – Moderate overlap

crease in evidence density is associated with a 2.8 per-
centage point increase in citation probability. A 0.10
increase in semantic match is associated with a 1.9 per-
centage point increase in selection and a 2.4 percent-
age point increase in citation. These estimates support
the interpretation that the page-condition effects oper-
ate through measurable legibility channels rather than
through arbitrary labels.

The sixth check tests whether the attention result
is caused only by longer text. Evidence-rich pages con-
tain more information than narrative pages, so one con-
cern is that users may remain longer simply because
there is more to read. To address this, the model con-
trols for word count and visible content length. It also
compares structured and narrative pages with matched
word counts. The attention half-life effect remains pos-
itive, though it declines from 0.65 to 0.48 seconds. This
suggests that the retention gain is partly due to infor-
mation quantity but not entirely. Organization, hier-
archy, and comparison cues also appear to matter.

The seventh check tests alternative attention-score
construction. The main attention score combines visi-
ble share, dwell time, scroll stability, and interaction.
Alternative versions remove interaction events, remove
scroll stability, or use dwell time alone. The structured-
page ranking remains the same under all versions. The
absolute half-life values change slightly, but evidence-
rich structured pages consistently show slower decay
than narrative pages. This strengthens confidence that
the attention result is not an artifact of one scoring for-
mula.

The eighth check tests alternative visibility-index
weights. Equal weighting gives an evidence-rich page
effect of 0.37 standard deviations. A human-weighted
index that assigns 60% weight to click-through and at-

tention gives an effect of 0.31 standard deviations. An
agent-weighted index that assigns 60% weight to se-
lection and citation gives an effect of 0.48 standard
deviations. The ordering of page conditions does not
change. This means the composite result is robust to
reasonable changes in the relative importance of agent
and human channels.

The ninth check examines false positives and false
negatives in the selection model. False positives often
involve products with strong structure and good evi-
dence but weaker price competitiveness. The model
predicts that they should be selected, but the agent
chooses a cheaper rival. False negatives often involve
products with moderate structure but exceptional brand
reputation or very fast delivery. This error pattern is
substantively plausible. It shows that machine legi-
bility is important but does not dominate the full de-
cision environment. The errors also suggest that fu-
ture models should represent user-specific preference
weights more directly.

The tenth check compares logistic regression with
gradient boosted trees and random forests. The nonlin-
ear models improve discrimination, especially for selec-
tion and citation, but they do not overturn the impor-
tance of structured field completeness, evidence den-
sity, semantic match, price, rating, and review vol-
ume. Partial dependence plots show diminishing re-
turns to structured field completeness above approxi-
mately 85 points on a 100-point scale. Evidence den-
sity also shows diminishing returns after the page in-
cludes enough supported claims to answer the query.
These nonlinearities are reasonable: once a page con-
tains complete fields and adequate evidence, additional
formatting produces smaller gains.

The validation checks also examine whether ran-
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domized page conditions are balanced on base product
attributes. Mean price, rating, review volume, brand
reputation, delivery time, and return-policy score are
statistically similar across page conditions before treat-
ment. This is expected because page variants are gen-
erated from the same base products, but the check is
still important. The design would be less informative
if evidence-rich pages were assigned disproportionately
to stronger products. Balance tables show no mean-
ingful pre-treatment differences across the three condi-
tions.

Finally, the analysis tests whether citation and se-
lection labels are mechanically produced by the same
features used to define machine legibility. This concern
is addressed by estimating models with only base prod-
uct variables and by using held-out agent labels gener-
ated under different weighting profiles. The product-
only models perform well but not as well as the full
models. The held-out agent evaluation still shows leg-
ibility effects, although the size varies by agent. This
suggests that the findings are not merely a circular con-
sequence of assigning labels from the same score used
as a predictor. The controlled nature of the dataset
cannot eliminate all design dependence, but the robust-
ness checks reduce the likelihood that the main result
is a trivial artifact.

7. Discussion
The findings indicate that product-page structure mat-
ters in agent-mediated commerce because it affects two
related but distinct processes. The first is machine
evaluation. Agents are more likely to select or cite
product pages when the relevant attributes are struc-
tured, complete, semantically matched to the query,
and supported by concise evidence. The second is hu-
man attention retention. Shoppers remain engaged
longer when the page reduces scanning friction and
makes comparison information visible early in the expo-
sure. These processes overlap because some structured
elements help both agents and humans, but they do
not overlap completely. Schema validity may help an
agent more than a person. Visual hierarchy may help a
person more than an agent. Evidence density can help
both when the evidence is concise and query-relevant.

The strongest practical implication is that agent-
mediated visibility is not reducible to conventional prod-
uct attractiveness. Price, rating, reviews, delivery, and
reputation remain important. In several models, rela-
tive price and rating are among the strongest predic-
tors of selection. However, machine-legibility variables
add explanatory and predictive power beyond those
signals [26]. This matters because product value must
be represented before it can be used by an agent. A
product with favorable attributes can still be disad-
vantaged if the attributes are difficult to extract or
compare. Conversely, a structured page cannot fully

rescue a weak product, but it can improve the proba-
bility that a strong or moderate product is recognized
as relevant.

The results also suggest that citation should be
treated as a separate visibility outcome. Agent selec-
tion answers the question of which product is recom-
mended or chosen. Citation answers the question of
which source is used as evidence. A page can be cited
because it contains useful evidence even if the product
is not selected. This distinction is especially impor-
tant in generative search and answer systems, where a
source may shape the response by providing compar-
ison details, policy claims, or product evidence. The
citation model in this study is more sensitive to evi-
dence density and semantic match than to price. That
makes sense because the cited source must support an
answer, not merely represent the cheapest option.

The attention results show that machine-legible struc-
ture is not only a technical layer. Many structured el-
ements also improve human processing by making the
page easier to scan. Visible specifications, concise com-
parison cues, and clear policy blocks lengthen attention
half-life in the short exposure window. The size of the
effect is not large in ordinary time units, but it is mean-
ingful in digital commerce because early seconds often
determine whether a user continues inspecting a page.
A difference of roughly half a second in attention half-
life can change the amount of information processed
before abandonment. The study does not claim that
attention half-life is equivalent to preference or pur-
chase. It is better interpreted as a behavioral indicator
of page processing stability.

The moderate correlation between agent visibility
and human click-through has important consequences
for optimization. A brand that optimizes only for hu-
man visual appeal may create pages that attract clicks
but provide insufficient structured evidence for agents.
A brand that optimizes only for machine parsing may
create pages that agents understand but humans find
unpersuasive or dull. The strongest pages in the study
combine both qualities: structured fields, valid schema,
specification tables, evidence summaries, visible hierar-
chy, and concise query-relevant claims. The evidence
supports a balanced approach in which machine read-
ability and human readability are treated as comple-
mentary design constraints.

The category differences indicate that the value
of structure depends on decision complexity. Elec-
tronics and skincare show larger effects because users
and agents must evaluate specifications, ingredients,
compatibility, performance claims, and risk. Apparel
shows smaller effects because aesthetic and fit-related
judgments are harder to reduce to structured evidence.
This does not mean structure is irrelevant for apparel,
but it may operate through size consistency, material
fields, return clarity, and image metadata rather than
through evidence density. Future studies should avoid
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treating machine legibility as a uniform intervention.
Its most useful form depends on category, query in-
tent, and the type of uncertainty that the shopper or
agent must resolve.

The interaction between product quality and page
structure is also important. The legibility effect is
strongest for products with moderate or high quality
signals. This suggests that structured pages mainly
help reveal and substantiate product value. They do
not erase the penalty of poor ratings, weak reviews,
high prices, or slow delivery. This is a useful boundary
condition because it prevents overinterpretation. Ma-
chine legibility should not be described as a shortcut
around product quality. It is better understood as a
translation layer that makes quality, fit, and policy in-
formation more accessible to systems and shoppers.

The paper also has implications for measurement.
Traditional web analytics often separate search rank-
ing, page engagement, and conversion. Agent-mediated
commerce requires additional measures, including ci-
tation probability, agent selection probability, struc-
tured evidence completeness, and task-level rank. The
present study shows how these measures can be placed
in one modeling framework. The composite visibility
index is useful for summary comparison, but the com-
ponent outcomes are more informative for diagnosis. A
page with low citation but high click-through needs a
different intervention from a page with high citation
but low click-through. The former may need better
evidence structure; the latter may need better visual
hierarchy or stronger consumer-facing persuasion.

There are also governance implications, although
they are not the central focus of the paper. If struc-
tured data and evidence organization influence agent
selection, brands with greater technical resources may
gain visibility advantages. This resembles broader con-
cerns about algorithmic gatekeeping. The effect may
be beneficial when structure helps agents identify gen-
uinely relevant products, but it may be problematic if
well-resourced sellers can dominate visibility through
technical optimization while smaller sellers remain less
legible. Transparent standards for product data, con-
sistent marketplace requirements, and validation tools
could reduce this imbalance. The study does not test
fairness outcomes directly, but the results indicate why
fairness questions are relevant in agent-mediated com-
merce.

Several limitations should shape interpretation. The
dataset is controlled and synthetic rather than col-
lected from a live platform. This allows clean compar-
isons but limits ecological validity. Real shoppers have
histories, budgets, habits, social influences, and brand
loyalties that are difficult to fully represent. Real agents
also differ in architecture, retrieval access, ranking pol-
icy, and safety constraints. The study uses four evalu-
ator profiles to introduce variation, but these profiles
do not exhaust the range of possible agent behavior.

The results should therefore be treated as evidence
about plausible mechanisms under controlled condi-
tions rather than as estimates of live marketplace im-
pact [27].

Another limitation is that attention is measured
behaviorally rather than cognitively. Dwell time, visi-
bility, scrolling, and interaction are useful traces, but
they do not perfectly reveal mental attention, compre-
hension, or trust. A user may dwell because a page is
confusing rather than useful. A user may click quickly
because the page is persuasive or because the task is
simple. The attention half-life model should therefore
be read alongside click-through and page-condition re-
sults, not as a standalone measure of success. Future
work could combine behavioral logs with eye tracking,
recall tests, or post-exposure comprehension measures.

A third limitation is that the study treats page
structure as a controlled intervention, while real sellers
often change structure and content quality together. In
live settings, a seller that adds schema may also rewrite
descriptions, improve images, adjust prices, change re-
view prompts, or alter promotions. The controlled de-
sign separates these mechanisms, but implementation
in practice would be messier. The results are most
useful for understanding which dimensions should be
measured when such changes occur.

Despite these limitations, the study provides evi-
dence that agent-mediated commerce visibility depends
on a combination of product value, machine legibility,
and human attention support. The findings are not
surprising in isolation, but their joint measurement is
useful. A page must be valuable enough to recommend,
legible enough to parse, evidenced enough to cite, and
clear enough to retain attention. Weakness in any one
of these layers can reduce visibility. Future empirical
work can extend the design to live agent logs, mar-
ketplace experiments, cross-platform comparisons, and
seller-level inequality in structured data adoption.

8. Conclusion
This paper examined how machine-legible product-page
structure affects agent selection, AI-style citation, hu-
man click-through, and short-window attention reten-
tion in a controlled commerce experiment. The cen-
tral result is that structured and evidence-rich prod-
uct pages perform better than narrative pages across
both machine-facing and human-facing outcomes. The
largest effects appear for agent selection and citation,
while human click-through and attention retention also
improve but by smaller margins. These findings sup-
port the view that product visibility in agent-mediated
commerce is partly determined by how well product
value is represented for automated comparison and ev-
idence use.

The study also shows that machine legibility does
not operate independently of product quality. Price,



34 Karim Fawzy et al.

rating, review volume, reputation, delivery time, and
return policy remain central predictors. Structured
product information has its strongest effects when it
helps agents and shoppers recognize existing value, com-
pare alternatives, and verify claims. It does not turn
weak products into strong products. The more cau-
tious interpretation is that machine legibility reduces
interpretation friction. It allows agents to parse at-
tributes more reliably and allows human viewers to
process relevant information with less scanning effort.

The attention results add an important human-side
qualification. A page that is organized for machines
can also be easier for people to inspect when struc-
ture is visible, concise, and aligned with the query.
Evidence-rich structure lengthens attention half-life, es-
pecially in comparison-oriented and high-consideration
categories. However, schema and metadata alone are
not enough for human engagement. The features that
help people include visible hierarchy, summary salience,
comparison cues, and low scan friction. A complete
product-data layer should therefore be paired with read-
able surface design.

The results have measurement implications for re-
searchers and practitioners. Search position and click-
through are no longer sufficient visibility measures when
agents summarize, cite, and select products. Future
commerce analytics should include agent selection prob-
ability, citation probability, structured evidence com-
pleteness, task-level rank, and attention-retention indi-
cators. These outcomes should be analyzed separately
before being combined, because each one reflects a dif-
ferent part of the visibility process. A single composite
score can summarize performance, but it can also hide
whether a page is failing because agents cannot parse
it or because humans do not find it compelling.

The broader implication is that agent-mediated com-
merce creates a dual-audience design problem. Prod-
uct pages must communicate with shoppers and with
systems that filter information before shoppers see it.
The best-performing pages in this study did not merely
add technical markup. They connected structured fields,
evidence statements, policy clarity, and visible sum-
maries to the user’s information need. This suggests
a practical but limited principle: pages should make
product value explicit in forms that both humans and
machines can use. Further research should test this
principle on live platforms, with real agent traffic, real
purchases, and more diverse product categories.
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