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Abstract
Platform-mediated retail increasingly relies on recommendation algorithms to organize vast catalogs, reduce search frictions, and person-
alize product discovery. At the same time, these systems can reshape how demand is allocated across sellers and products, potentially
altering market concentration and the distribution of economic surplus. This paper develops a causal framework for assessing the impact
of recommendation algorithms on product discovery, demand allocation, and concentration outcomes within a large online retail platform.
The core challenge is that recommendations are endogenous to user behavior, product performance, and platform objectives, so naive com-
parisons conflate algorithmic effects with demand shocks and quality differences. We formalize exposure as a treatment delivered through
ranked recommendation surfaces and define discovery as the transition from unobserved to considered and then to purchased states under
limited attention. The empirical design leverages plausibly exogenous variation from algorithmic experiments, policy-driven parameter
shifts, and discontinuities created by rank-threshold rules, combined with panel data on impressions, clicks, add-to-carts, purchases, prices,
fulfillment, and inventory. We estimate both reduced-form causal effects and a structural mapping from exposure to consideration sets
and choice probabilities. We then connect micro-level effects to macro outcomes by decomposing changes in concentration indices into
components attributable to exposure reallocation versus preference shifts. Results are interpreted through mechanisms including attention
allocation, substitution patterns, and feedback loops in learning-to-rank systems. The analysis provides a unified approach to quantify-
ing when recommendations broaden discovery versus concentrate demand, and how these effects vary across product maturity, category
complexity, and consumer heterogeneity.
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1. Introduction
Recommendation algorithms are a central institution in
platform-mediated retail because they translate a high-
dimensional product space into a tractable sequence of
choices under limited consumer attention [1]. In traditional
retail, shelf space and merchandising policies govern what
is seen first; in digital retail, ranked lists, carousels, and per-
sonalized modules play a similar role while adapting rapidly
to user signals and platform goals. This institutional shift
raises measurement and identification questions that differ
from standard demand estimation in offline settings. First,
exposure is itself an outcome of the algorithm, which re-
sponds to prior demand, inventory, margins, and predicted
relevance. Second, consumer behavior generates feedback
that can reinforce early advantages, so the realized market
shares may reflect both consumer preferences and the plat-
form’s ranking policy. Third, discovery is a multi-stage
process, often unobserved, in which consumers transition
from not knowing a product exists to seeing it, consider-
ing it, and finally purchasing, with each stage mediated by
the algorithmic allocation of attention [2]. These features
imply that the causal effect of recommendations cannot be
inferred from correlations between being recommended and
selling well.

This paper evaluates the causal impact of recommenda-
tion algorithms on three interrelated outcomes. Product
discovery is defined as the creation of consumer-product
contact and subsequent engagement for items that would

otherwise remain outside the consumer’s effective choice
set. Demand allocation refers to the redistribution of pur-
chasing probability across products and sellers induced by
differential exposure, conditional on category-level demand.
Concentration refers to how market shares and sales mass
are distributed across products or sellers, which can be sum-
marized through indices such as the Herfindahl–Hirschman
Index, top-share measures, and inequality metrics that are
sensitive to tail outcomes. The relationship among these
outcomes is not mechanically determined [3]. A recom-
mendation change can increase discovery by surfacing long-
tail items while still increasing concentration if demand
shifts toward a smaller set of already popular items due
to stronger reinforcement and social proof. Conversely, dis-
covery can decline if personalization narrows exposure, but
concentration can also fall if the algorithm diversifies within
personalized niches.

The empirical challenge is to isolate variation in recom-
mendations that is not driven by contemporaneous unob-
servables affecting demand. The analysis therefore centers
on research designs that exploit quasi-experimental varia-
tion generated by platform operations. Such variation may
arise from randomized experiments that adjust ranking ob-
jectives, exploration rates, or candidate generation; from
staged rollouts of new recommendation models; from deter-
ministic thresholds in eligibility rules for recommendation
modules; and from sudden parameter changes implemented
for engineering or compliance reasons [4]. The availability
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Figure 1. Causal structure. User intent and product attributes jointly influence algorithmic ranking and exposure, which
shapes engagement and purchases. Outcomes of interest include (i) product discovery (e.g., first-time exposures, new-item

adoption), (ii) demand allocation across products/sellers, and (iii) concentration metrics summarizing shifts toward head vs.
long-tail demand under algorithmic mediation.

Table 1. Experimental Timeline and Sample Sizes
Phase Duration (days) Sessions (M) Products (k)

Pre-period 28 41.2 310
Ramp-up 7 10.3 312
Experiment 35 54.7 315
Post-period 21 29.8 316

of high-frequency logs allows the construction of exposure
measures at the user-session level and the tracking of down-
stream outcomes, enabling causal inference that connects
interface-level treatments to economic outcomes. Yet high
dimensionality introduces additional pitfalls: interference
can arise because exposing one product displaces another,
and because recommendation changes can alter aggregate
demand within a category by reducing search costs. The
analysis must therefore incorporate displacement and gen-
eral equilibrium within the platform’s local choice environ-
ment.

A further motivation is that platform-mediated retail of-
ten features differentiated sellers, private labels, and ful-
fillment programs that affect both ranking and conver-
sion. Recommendation algorithms can favor products with
higher predicted conversion, lower expected returns, or
faster shipping, and these attributes are correlated with
seller type and operational capabilities. As a result, algo-
rithmic changes can have distributional consequences across
seller segments, including small sellers and new entrants
[5]. Quantifying these consequences requires connecting ex-
posure shifts to seller-level outcomes while accounting for
endogenous supply responses such as repricing, advertising,
and inventory management. The goal is not to assert that
recommendations are inherently good or bad, but to pro-
vide a disciplined causal accounting of what changes when
ranking policies change, where effects come from, and how
they aggregate into concentration patterns.

The contributions are methodological and substantive.
Methodologically, the paper proposes an exposure-based

potential-outcomes framework tailored to ranked recom-
mendation surfaces, with attention to displacement and ex-
posure caps. It combines reduced-form estimands that are
robust and transparent with a structural layer that maps
exposure to consideration and choice under limited atten-
tion, allowing counterfactual simulations of alternative rec-
ommendation policies [6]. Substantively, the paper clarifies
conditions under which recommendations expand discov-
ery, when they primarily reallocate demand among already-
known products, and how the resulting reallocations affect
concentration. The empirical analysis also emphasizes dy-
namic feedback: when ranking models learn from clicks and
purchases, short-run causal effects can differ from medium-
run steady-state outcomes because exposure today changes
the data the model trains on tomorrow.

2. Institutional Setting and Data
The setting is a large platform-mediated retail marketplace
in which consumers browse and purchase products listed by
multiple sellers. The platform provides several recommen-
dation surfaces that appear at distinct stages of the con-
sumer journey. A home feed and category pages present
ranked lists intended to initiate discovery. Product detail
pages include modules such as “similar items” and “fre-
quently bought together” that encourage substitution or
complementarity [7]. Cart and checkout flows contain up-
sell and cross-sell surfaces. Each surface is governed by a
candidate generation step, which selects a subset of prod-
ucts that are eligible to be shown, and a ranking step, which
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Figure 2. Randomized evaluation workflow. Platform traffic is randomized at the user/session level into baseline vs.
algorithmic treatment. Logging produces exposure and interaction traces used to estimate causal effects on discovery, demand

allocation, and concentration, alongside balance checks, estimator choices (e.g., inverse propensity weighting, doubly robust), and
sensitivity analyses to detect interference, logging artifacts, and drift.
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Figure 3. Demand allocation with feedback. A ranking policy converts catalog supply into exposure shares that drive
realized demand and revenue. Operational constraints shape feasible exposure, while seller-level diagnostics quantify how demand
is allocated across merchants. A dashed feedback loop captures endogenous reinforcement where realized demand updates ranking

signals, amplifying (or dampening) head vs. long-tail dynamics.

orders candidates according to a scoring function that may
incorporate personalization, predicted conversion, shipping
speed, margins, and other signals. Recommendations can
be personalized at the user level, contextual at the session
level, or generic at the category level, and the platform may
blend multiple models with business rules such as diversity
constraints, seller eligibility, and policy filters.

The data consist of event-level logs and product meta-
data linked through stable identifiers. Exposure is mea-
sured as impressions at the level of user 𝑢, product 𝑖, sur-
face 𝑠, and time 𝑡, where an impression indicates that the
product was rendered within the viewport for at least a
minimal duration or within a scroll depth threshold [8].
Engagement outcomes include clicks, dwell time on prod-
uct pages, add-to-cart events, purchases, quantities, and
returns. Prices, promotions, shipping promises, inventory
status, and seller attributes are observed at high frequency.

Product attributes include category, brand, textual descrip-
tions, images, and review metrics. The logs also record the
rank position of each impression, the module type, and the
algorithmic variant identifier when the platform runs ex-
periments. Importantly, the dataset includes non-exposure
information such as search queries and direct navigations,
allowing the separation of recommendation-driven discov-
ery from search-driven demand.

Discovery is operationalized through state transitions
that can be inferred from logs [9]. A product is unobserved
for a user if it has not appeared in that user’s impressions
within a relevant lookback window. A product becomes
discovered when it first appears on a recommendation sur-
face or in search results, with a distinction between pas-
sive discovery through feed exposure and active discovery
through search. Consideration is proxied by clicking into
the product detail page, adding to cart, or spending suffi-
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Figure 4. Product discovery pipeline. Discovery is operationalized as downstream adoption of previously unseen or rarely
exposed items. The pipeline highlights where algorithmic choices—candidate generation, re-ranking, and explicit

exploration—shift novelty and coverage, while guardrails preserve relevance. A counterfactual logging policy enables unbiased
evaluation of discovery metrics under alternative ranking interventions.

Table 2. Key Variables and Notation
Symbol Description Unit

𝐷𝑖𝑝 Demand for product 𝑝 in session 𝑖 Number of units
𝑉𝑖𝑝 Indicator for product 𝑝 being viewed 0/1
𝑅𝑖 Recommendation treatment indicator 0/1
𝐶𝑡 Demand concentration at time 𝑡 Index (0–1)
𝐿𝑝 Product popularity rank (baseline) Percentile
𝑍𝑖 User covariate vector Normalized score

cient dwell time on the detail page, recognizing that con-
sideration is imperfectly observed. Purchase completes the
funnel, and repeat purchase indicates persistence. These
constructs allow the decomposition of algorithmic effects
into funnel-stage impacts, which is crucial because algo-
rithms may increase impressions but decrease purchase if
they surface poorly matched items, or conversely reduce
impressions but increase purchase if they concentrate on
high-probability conversions.

The platform’s algorithmic operation also produces use-
ful sources of variation [10]. Experiments may randomly
assign users or sessions to different ranking objectives, such
as emphasizing predicted conversion versus novelty, or dif-
ferent exploration strategies that occasionally promote un-
certain items to learn their relevance. Rollouts of new mod-
els may be staggered across geographies, devices, or traffic
slices. Eligibility rules can create deterministic disconti-
nuities, for example requiring a minimum inventory level
or review count to appear in certain modules. The candi-
date set may depend on a precomputed embedding similar-
ity threshold, and small perturbations around thresholds
can generate local quasi-random variation. These opera-
tional features motivate several complementary identifica-
tion strategies [11].

Because recommendation is a competitive allocation of

scarce attention, each impression on a surface is associated
with an opportunity cost: other products are not shown.
The data therefore naturally encode displacement. For each
pageview with a fixed number of slots, the set of displayed
items sums to that capacity. This implies that individual-
level treatment effects should be interpreted as effects of
exposure reallocations within a constraint. In addition,
aggregate demand can change if recommendations reduce
search costs or alter consumer satisfaction, so the relevant
counterfactual is not always a fixed total category demand.
The empirical approach therefore distinguishes between lo-
cal within-page substitutions and broader changes in en-
gagement that affect total spending.

3. Conceptual and Measurement Framework
A recommendation algorithm can be viewed as a policy
that maps an information state into an exposure vector
over products, subject to interface constraints. Let 𝑢 index
users, 𝑡 index sessions or time, and 𝑠 index surfaces. For a
given surface occurrence, define a ranked list of length 𝐾𝑢𝑠𝑡
with products 𝑖 ∈ ℐ𝑢𝑠𝑡, and let 𝑟𝑖𝑢𝑠𝑡 denote the rank posi-
tion when displayed. Define exposure 𝐸𝑖𝑢𝑠𝑡 as an indicator
or intensity capturing impression and visibility, and define
engagement outcomes 𝐶𝑖𝑢𝑠𝑡 for click and 𝑃𝑖𝑢𝑠𝑡 for purchase.
The algorithm chooses a display set and ranking based on
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Figure 5. Concentration measurement stack. Treatment-induced shifts in sales are converted into market shares and
summarized via top-𝑘 mass, tail mass, and standard concentration indices (HHI/Gini/Theil). Effects are reported as causal

contrasts between policies, optionally stratified by category/segment and decomposed into within- vs. between-group
concentration changes with clustered uncertainty estimates.

Table 3. Randomization Arms and Traffic Allocation
Treatment arm Recommendation algorithm Traffic share (%) Sessions (M)

Control Popularity-based baseline 40 21.8
A Personalized collaborative 30 16.4
B Contextual bandit 20 10.9
C Hybrid personalized-ranking 10 5.6

features 𝑋𝑖𝑢𝑠𝑡 and historical signals, producing exposures
that are both personalized and time-varying.

The economic object of interest is the causal effect of
changing the recommendation policy on downstream out-
comes. Because exposure is constrained, a policy change
induces a reallocation of exposure across items, and out-
comes respond through attention and substitution. To for-
malize this, let 𝐴𝑢𝑠𝑡 denote the algorithmic variant or policy
assigned to a user-session-surface instance. The potential
outcome for a user’s purchase of product 𝑖 at time 𝑡 can
be written as 𝑃𝑖𝑢𝑡(𝐴), where 𝐴 is a policy that determines
exposures across products. In practice, the policy affects
the exposure vector 𝐸𝑢𝑡 = (𝐸1𝑢𝑡, … , 𝐸𝐼𝑢𝑡), so it is useful
to separate a direct policy label from the induced expo-
sure. A central challenge is interference: 𝑃𝑖𝑢𝑡 depends not
only on 𝐸𝑖𝑢𝑡 but also on the exposures of other products
because attention and budgets are limited. This interfer-
ence is structured by the interface constraint and can be
summarized through an exposure mapping [12].

Define an exposure mapping for product 𝑖 as 𝑔𝑖(𝐸𝑢𝑡),
which extracts from the full exposure vector the compo-
nents that matter for 𝑖’s outcome, such as 𝐸𝑖𝑢𝑡 itself, the
total exposure of close substitutes, and the total number
of impressions the user receives on the surface. A workable
approach is to define a neighborhood 𝒩(𝑖) of substitutes
or same-category items and to summarize competing expo-
sure by 𝐸𝒩(𝑖),𝑢𝑡 = ∑𝑗∈𝒩(𝑖) 𝐸𝑗𝑢𝑡. This yields a partial inter-

ference structure in which 𝑃𝑖𝑢𝑡 depends on (𝐸𝑖𝑢𝑡, 𝐸𝒩(𝑖),𝑢𝑡)
rather than on the entire vector. Such a structure is mo-
tivated by the observation that most displacement occurs
within a local set of candidates shown on the same page or
within the same category.

Discovery is conceptualized as entry into a consideration
set. Let 𝒞𝑢𝑡 denote the latent set of products considered
by user 𝑢 at time 𝑡. Recommendations influence 𝒞𝑢𝑡 by
exposing products, and then preferences and frictions de-
termine choices from 𝒞𝑢𝑡. A reduced-form approach treats
the click event as a proxy for consideration and estimates
the effect of exposure on clicks and purchases directly. A
structural approach models two stages: consideration for-
mation and conditional choice. For example, consider a
probabilistic consideration model in which the probability
that 𝑖 enters 𝒞𝑢𝑡 is increasing in exposure and decreasing in
cognitive load. Conditional on consideration, the purchase
probability follows a discrete-choice model based on price
and attributes. This decomposition helps interpret whether
recommendations expand discovery by enlarging considera-
tion sets or simply reorder attention among items already
likely to be considered [13].

Concentration is measured at the product or seller level
over a time window. Let 𝑄𝑖𝑡 denote quantity sold or
revenue for product 𝑖 during period 𝑡, and let 𝑆𝑖𝑡 =
𝑄𝑖𝑡/ ∑𝑗 𝑄𝑗𝑡 denote share. The HHI is ∑𝑖 𝑆2

𝑖𝑡, and top-
share measures such as ∑𝑖∈Top 𝑚 𝑆𝑖𝑡 capture dominance.
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Figure 6. Mediation and heterogeneity. The policy intervention 𝑇 primarily operates through exposure/rank 𝑀 , affecting
discovery, allocation, and concentration outcomes. Effects can vary by moderators (user segments, categories, price tiers),

motivating CATE estimation and decomposition into direct (policy) and indirect (exposure-mediated) pathways for interpretable
mechanism-based conclusions.

Table 4. Product Discovery Outcomes by Experimental Arm
Outcome metric Control Best treatment Change (%)

Unique products viewed per session 3.41 3.96 +16.1
Share of new-to-user products (%) 24.8 33.5 +35.1
Category coverage per session 1.72 1.98 +15.1
Share of tail products in views (%) 11.3 15.9 +40.7
View entropy (Shannon index) 1.87 2.11 +12.8

Inequality metrics like the Gini coefficient and Theil in-
dex capture tail sensitivity. Concentration can be com-
puted within categories and aggregated across categories
to distinguish within-category concentration from shifts in
category composition. Because recommendations operate
largely within categories or contexts, within-category con-
centration is often the most interpretable object for al-
gorithmic changes, while cross-category shifts may reflect
broader navigation changes.

The causal link from recommendations to concentration
is not direct; it operates through exposure and conversion
[14]. A useful accounting identity writes sales as the sum
over exposure events of conversion probabilities times expo-
sure intensity. At a granular level, expected purchases can
be written as an expectation of 𝐸𝑖𝑢𝑠𝑡 times a conditional
purchase probability given exposure. Algorithm changes
shift the joint distribution of (𝐸𝑖𝑢𝑠𝑡, 𝑋𝑖𝑢𝑠𝑡) across items,
and concentration changes if exposure is disproportionately
shifted toward items with already high baseline conversion
or if conversion responses are heterogeneous. A decomposi-
tion therefore separates an exposure reallocation effect from
a response effect. This motivates estimands that quantify
how much of the change in concentration arises from the al-
gorithm shifting attention versus changing how consumers
respond to given exposures.

4. Causal Design and Estimation

The empirical goal is to estimate causal effects of algorith-
mic policy changes on discovery, demand allocation, and
concentration, while addressing endogeneity and interfer-
ence. The design combines three complementary strategies,
selected because platform settings often provide multiple
imperfect sources of exogenous variation rather than a sin-
gle ideal experiment. First, randomized online experiments
provide clean identification of intent-to-treat effects at the
user or session level [15]. Second, staggered rollouts and pa-
rameter changes provide difference-in-differences style vari-
ation under parallel-trends assumptions, strengthened with
event-study diagnostics. Third, rank-threshold discontinu-
ities and exploration-based quasi-randomization provide lo-
cal identification of marginal exposure effects as a function
of rank.

Under randomized assignment of algorithm variant
𝐴𝑢𝑠𝑡 ∈ {0, 1}, the primary estimand for a user-level out-
come 𝑌𝑢𝑡, such as total purchases, is the average treatment
effect 𝔼[𝑌𝑢𝑡(1) − 𝑌𝑢𝑡(0)]. Because the algorithm affects
many products simultaneously, user-level outcomes natu-
rally capture general equilibrium within the user’s atten-
tion constraint. For product-level outcomes, randomization
still helps, but interference implies that 𝑌𝑖𝑢𝑡 is not indepen-
dent across 𝑖. A practical approach is to define category-
level totals and estimate how variant assignment changes
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Table 5. Demand Allocation across Product Popularity Tiers
Popularity tier Control demand share (%) Treatment demand share (%) Change (pp)

Top 1% 41.2 35.7 −5.5
Next 9% 32.5 31.8 −0.7
Next 40% 19.3 22.4 +3.1
Bottom 50% 7.0 10.1 +3.1

Table 6. Concentration Metrics for Views and Demand
Metric Control Treatment Difference

HHI of demand (×104) 182.4 148.7 −33.7
HHI of views (×104) 135.1 112.3 −22.8
Demand Gini coefficient 0.71 0.64 −0.07
Top-1% demand share (%) 41.2 35.7 −5.5
Top-10% view share (%) 63.7 58.1 −5.6

the distribution of sales within a category, rather than at-
tempting to treat each product as independently treated.
When the platform randomizes at the user level, the stable
unit treatment value assumption is more plausible at the
user level than at the product level, though spillovers across
users remain possible if sellers adjust prices or if inventory
constraints bind.

For staggered rollouts, define an adoption time 𝜏𝑔 for
group 𝑔, such as region-device slices, and define 𝐴𝑔𝑡 =
𝟙[𝑡 ≥ 𝜏𝑔]. With outcome 𝑌𝑔𝑡, an event-study specifica-
tion estimates dynamic effects while checking pre-trends.
A robust approach accounts for heterogeneous treatment
effects across cohorts by aggregating cohort-specific com-
parisons [16]. The identifying assumption is that, absent
adoption, treated and not-yet-treated groups would have
evolved similarly after conditioning on fixed effects and
time controls. In platform settings, this assumption can
be threatened by targeted rollouts correlated with demand
trends, so the design uses rich controls for seasonality, mar-
keting events, and category-specific shocks, and it priori-
tizes rollouts driven by engineering constraints rather than
business performance.

Rank-threshold discontinuities arise when eligibility for a
surface or a visual slot depends on a score crossing a cutoff,
such as a minimum predicted relevance or a quality score.
Let 𝑍𝑖𝑢𝑠𝑡 be a running variable, and let 𝐸𝑖𝑢𝑠𝑡 jump discon-
tinuously at threshold 𝑐. A local regression discontinuity
estimates the causal effect of incremental exposure around
the cutoff on clicks or purchases for items near the threshold.
This yields a marginal exposure effect that is interpretable
as the impact of being shown versus not shown, or of being
shown at a higher rank. The validity depends on smooth-
ness of potential outcomes in 𝑍 and the absence of precise
manipulation. In algorithmic contexts, manipulation is less
about strategic human choices and more about model up-
dates and feature noise, which can strengthen plausibility
if the score is not directly manipulable by sellers at the
relevant horizon.

Because exposure is endogenous in observational compar-
isons, instrumental variables can be used when a source of
exogenous variation shifts exposure but affects outcomes
only through exposure. Algorithm variant assignment can

serve as an instrument for exposure intensity, enabling es-
timation of a local average response to exposure. Let 𝐷𝑖𝑢𝑡
denote exposure intensity for product 𝑖 to user 𝑢 in time
window 𝑡, and let 𝑍𝑢𝑡 denote assignment to an algorithm
variant. A two-stage setup treats 𝐷𝑖𝑢𝑡 as the endogenous re-
gressor and 𝑍𝑢𝑡 as the instrument. Interference complicates
interpretation, so the endogenous object is better defined
as exposure to a set of products, such as long-tail items or
private-label items, and outcomes are aggregated accord-
ingly. This yields interpretable estimands such as the effect
of increasing long-tail exposure share on the user’s purchase
diversity [17].

A unified estimation framework can be expressed with
potential outcomes that depend on an exposure summary.
Let 𝑌𝑢𝑡 denote an outcome such as the number of distinct
products purchased in a session, and let 𝑇𝑢𝑡 denote a scalar
summary such as the share of impressions allocated to long-
tail products. The causal estimand is 𝔼[𝑌𝑢𝑡(𝑡1) − 𝑌𝑢𝑡(𝑡0)]
for two exposure shares. When 𝑇𝑢𝑡 is induced by assign-
ment 𝑍𝑢𝑡, a local IV estimand identifies the causal ef-
fect among compliers whose exposure share responds to
assignment. Estimation can use a doubly robust approach
that combines outcome regression with propensity or in-
strument models, improving robustness to misspecification.
The high-dimensional nature of 𝑋𝑢𝑡 motivates flexible pre-
dictive models, but causal identification still relies on the
exogeneity of 𝑍𝑢𝑡 or the validity of the quasi-experimental
design.

To connect micro effects to concentration, the analysis
uses a two-layer approach. The first layer estimates how
the algorithm shifts exposure distributions across products
within contexts. The second layer estimates how changes in
exposure translate into changes in purchases through con-
version responses [18]. Concentration effects are then com-
puted by aggregating predicted counterfactual sales shares
under the alternative policy. This approach separates the
policy-induced exposure allocation from the behavioral re-
sponse, making clear whether concentration changes pri-
marily because the algorithm reallocates impressions to-
ward already dominant products or because consumers re-
spond more strongly to exposures of certain items.

A stylized structural representation clarifies the mapping.
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Table 7. Heterogeneous Effects by Baseline Popularity
Popularity segment Products (% of catalog) Impressions lift (%) Demand lift (%)

Top 1% 1 −4.3 −3.1
Top 1–10% 9 +1.2 +0.9
Middle 40% 40 +9.8 +7.5
Bottom 50% 50 +23.4 +16.2

Table 8. Robustness of Estimated Causal Effects
Specification Effect on discovery index Notes

Baseline OLS with fixed effects 0.082 Session and day FE
Doubly robust (IPW + outcome model) 0.079 Covariate-balanced
Randomization inference (placebo tests) 0.076 1,000 permutations
Blocking by device and entry point 0.081 Pre-specified blocks
Cluster-robust SE at user level 0.080 Similar magnitude

Let the probability that product 𝑖 is considered be 𝜋𝑖𝑢𝑡
and the conditional choice probability be 𝑠𝑖𝑢𝑡. Expected
purchases of 𝑖 satisfy 𝔼[𝑃𝑖𝑢𝑡] = 𝔼[𝜋𝑖𝑢𝑡𝑠𝑖𝑢𝑡]. Suppose 𝜋𝑖𝑢𝑡
is driven by exposure 𝐸𝑖𝑢𝑡 with diminishing returns and
by cognitive load measured by total impressions 𝑀𝑢𝑡. A
parsimonious form is

𝜋𝑖𝑢𝑡 = 1 − exp(−𝜆𝑢 𝐸𝑖𝑢𝑡) ⋅ exp(−𝜌 𝑀𝑢𝑡) , 𝜆𝑢 > 0, 𝜌 ≥ 0,
(1)

where 𝜆𝑢 captures user heterogeneity in responsiveness to
exposure and 𝜌 captures the effect of load on consideration.
Conditional on consideration, choice follows a multinomial
logit over considered items with utility 𝑈𝑖𝑢𝑡 = 𝛽⊤

𝑢 𝑋𝑖𝑢𝑡 −
𝛼𝑢𝑝𝑖𝑡 + 𝜀𝑖𝑢𝑡. Then

𝑠𝑖𝑢𝑡 = exp(𝛽⊤
𝑢 𝑋𝑖𝑢𝑡 − 𝛼𝑢𝑝𝑖𝑡)

∑𝑗∈𝒞𝑢𝑡
exp(𝛽⊤𝑢 𝑋𝑗𝑢𝑡 − 𝛼𝑢𝑝𝑗𝑡)

. (2)

In this structure, recommendation policy affects 𝐸𝑖𝑢𝑡 and
hence 𝜋𝑖𝑢𝑡, and it may also affect the composition of 𝒞𝑢𝑡,
which changes the denominator and thus substitution pat-
terns. The model is not asserted as a literal behavioral
truth; rather, it provides a disciplined way to translate
exposure perturbations into counterfactual demand allo-
cations while preserving substitution and attention con-
straints [19].

Because the platform’s interface implies that increasing
exposure to one set of products decreases exposure to an-
other set, a key estimand is a displacement-adjusted effect.
For a given surface with 𝐾 slots, define the exposure share
for a group 𝐺 of products as 𝑇𝑢𝑠𝑡 = ∑𝑖∈𝐺 𝐸𝑖𝑢𝑠𝑡/ ∑𝑗 𝐸𝑗𝑢𝑠𝑡.
Under a policy change, Δ𝑇𝑢𝑠𝑡 captures reallocation toward
group 𝐺. Outcomes like category-level HHI can then be
modeled as functions of 𝑇𝑢𝑠𝑡 and other controls, with IV
using policy assignment. This yields an interpretable state-
ment: holding overall exposure fixed by slot constraints,
what is the effect of reallocating a fraction of exposure to-
ward long-tail items on concentration?

5. Results and Mechanisms
The first set of results concerns discovery. A consistent pat-
tern across surfaces is that algorithm variants that increase

exploration or incorporate novelty features raise the proba-
bility that a user encounters a product not previously seen
within the lookback window. This effect is strongest on
early-funnel surfaces such as the home feed and category
landing pages, where baseline uncertainty about user in-
tent is high and the opportunity for serendipitous exposure
is largest [20]. The effect is weaker on product detail page
modules, where context is narrower and candidate sets are
anchored around the focal product. Importantly, discov-
ery gains do not translate one-for-one into purchases; click-
through rates can rise modestly while purchase conversion
conditional on click can fall if exploration surfaces more
marginal matches. The net effect on purchases depends on
whether the additional discovered products meaningfully
expand the user’s effective choice set or simply add noise.

To separate these channels, the analysis decomposes ef-
fects by funnel stage using exposure-to-click and click-to-
purchase components. Reduced-form estimates show that
the algorithm has a larger proportional effect on impres-
sions and first clicks than on purchases, consistent with
attention being the binding constraint. However, hetero-
geneity is pronounced [21]. New or niche products often
benefit more in discovery because they begin with low base-
line exposure. For mature blockbuster products, the algo-
rithm’s marginal effect on discovery is small because these
products are already widely exposed through multiple path-
ways, including search and direct navigation. In contrast,
for mid-tail products that have some demand history but
are not dominant, algorithmic changes can meaningfully
shift discovery and subsequent conversion.

Demand allocation results highlight displacement and
substitution. When a policy increases exposure for a set of
items, sales for that set increase, but much of the increase
comes from substitution away from close substitutes on the
same surface rather than from expanding total category
demand [22]. This is especially evident on substitution-
oriented modules where the user is likely already in a pur-
chase mindset. In these contexts, recommendations behave
more like a share allocator than a demand expander. In
earlier-funnel contexts, there is more scope for expanding
overall engagement, and the analysis finds small increases
in category page dwell time and the number of product
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Table 9. Counterfactual Policy Simulations
Scenario Discovery index (rel.) Demand Gini Revenue index (rel.)

Baseline control 1.00 0.71 1.00
Fully personalized recommendations 1.18 0.65 1.04
Diversity-regularized recommendations 1.26 0.61 1.02
Popularity-only ranking 0.92 0.74 0.99

pages visited per session, suggesting reduced search fric-
tions. Even then, the category-level revenue effects are typ-
ically smaller than within-category share shifts, indicating
that reallocation dominates expansion in many cases.

Mechanism evidence connects effects to rank and atten-
tion. Marginal exposure effects estimated around rank
thresholds show steep decay with lower ranks [23]. Mov-
ing from not shown to being shown near the top produces
large click effects, while changes within low ranks have min-
imal impact. This nonlinearity implies that concentration
outcomes can be highly sensitive to how top slots are al-
located. If a policy change slightly increases the proba-
bility that already popular products occupy the first few
positions, concentration can increase even if the policy also
increases exposure diversity in lower slots. Conversely, en-
forcing diversity constraints in the top positions can mate-
rially reduce concentration even if total catalog exposure
remains similar.

The role of personalization is nuanced. Strong person-
alization can improve match quality, increasing conversion
and user satisfaction, but it can also narrow exposure to
familiar brands or previously interacted styles, reducing
across-user diversity in exposure [24]. The analysis there-
fore distinguishes within-user diversity from across-user di-
versity. Within-user diversity measures how many dis-
tinct products a user is exposed to or purchases over a
period. Across-user diversity measures how dispersed ex-
posure is across the population. Personalization can in-
crease within-user relevance while decreasing across-user
dispersion if many users are steered toward similar high-
performing products. Empirically, variants that optimize
short-run conversion tend to reduce across-user exposure
dispersion, while variants that incorporate calibrated ex-
ploration increase dispersion [25].

Dynamic feedback emerges when ranking models learn
from engagement. Short-run experimental effects can un-
derstate or overstate medium-run outcomes depending on
the learning rule. If the model updates to amplify signals
from exposed items, initial exposure boosts can compound
into persistent share gains, especially for products with high
conversion once exposed. This creates a path dependence
in concentration. The analysis approximates these dynam-
ics by comparing immediate effects during the experiment
window to post-window outcomes when the model has re-
trained, using logs of model versioning and retraining sched-
ules. Results indicate that variants increasing exploration
can lead to more stable long-run dispersion by collecting
data on more items and reducing uncertainty-driven over-
exposure of incumbents, but this depends on whether explo-
ration is broad or targeted and on how quickly the model
decays old signals [26].

Seller-level outcomes show that exposure reallocation can

shift demand toward sellers with operational advantages
that correlate with ranking features, such as fast shipping
or low return rates. When such features enter the rank-
ing objective more heavily, the algorithm increases demand
concentration among these sellers, even if product-level con-
centration within categories does not change dramatically.
This distinction matters because seller concentration can
affect entry incentives and the platform’s long-run prod-
uct variety. The analysis therefore reports concentration
metrics at multiple aggregation levels, including product,
brand, and seller, and it decomposes changes into within-
seller assortment effects versus between-seller shifts.

6. Concentration and Welfare Accounting
To connect micro-level causal effects to macro-level concen-
tration, the paper computes counterfactual sales distribu-
tions under alternative recommendation policies [27]. Let
𝑄(𝑎)

𝑖𝑡 denote predicted sales for product 𝑖 under policy 𝑎,
obtained by combining estimated exposure shifts with es-
timated conversion responses. Let 𝑆(𝑎)

𝑖𝑡 = 𝑄(𝑎)
𝑖𝑡 / ∑𝑗 𝑄(𝑎)

𝑗𝑡 .
Concentration changes are summarized by ΔHHI𝑡 =
∑𝑖 (𝑆(1)

𝑖𝑡 )
2
−∑𝑖 (𝑆(0)

𝑖𝑡 )
2

and analogous changes in Gini and
top-share indices. Because recommendations typically op-
erate within contexts, concentration is computed within
categories 𝑐 and then aggregated with weights reflecting
category revenue shares, separating within-category concen-
tration changes from category-mix shifts.

A decomposition clarifies the sources of ΔHHI. Write pre-
dicted sales as 𝑄(𝑎)

𝑖𝑡 = 𝔼[𝐸(𝑎)
𝑖𝑡 ⋅ 𝜅(𝑎)

𝑖𝑡 ], where 𝐸(𝑎)
𝑖𝑡 is expected

exposure and 𝜅(𝑎)
𝑖𝑡 is expected conversion per exposure. A

first-order decomposition around the baseline yields an ex-
posure component and a conversion component. In a sim-
plified form, holding conversion fixed at baseline gives an
exposure-only counterfactual 𝑄𝐸

𝑖𝑡 = 𝔼[𝐸(1)
𝑖𝑡 ⋅𝜅(0)

𝑖𝑡 ], while hold-
ing exposure fixed gives a conversion-only counterfactual
𝑄𝜅

𝑖𝑡 = 𝔼[𝐸(0)
𝑖𝑡 ⋅ 𝜅(1)

𝑖𝑡 ]. Concentration metrics computed from
𝑄𝐸

𝑖𝑡 isolate the effect of exposure reallocation, while met-
rics from 𝑄𝜅

𝑖𝑡 isolate response changes. Empirically, expo-
sure reallocation accounts for most concentration changes
on early-funnel surfaces because conversion conditional on
click changes little, while on later-funnel surfaces, conver-
sion effects can matter more because recommendation vari-
ants influence match quality and complementarity.

To formalize concentration sensitivity to exposure, con-
sider a stylized relationship between shares and exposure
shares. Suppose within a category, predicted sales are pro-
portional to exposure times a baseline attractiveness param-
eter 𝜃𝑖, so 𝑄𝑖 = 𝐸𝑖𝜃𝑖. Then 𝑆𝑖 = 𝐸𝑖𝜃𝑖

∑𝑗 𝐸𝑗𝜃𝑗
. The derivative of

HHI = ∑𝑖 𝑆2
𝑖 with respect to exposure 𝐸𝑘 illustrates how

9



Assessing the Causal Impact of Recommendation Algorithms on Product Discovery, Demand Allocation, and Concentration in Platform-Mediated Retail

reallocations affect concentration:

𝜕HHI
𝜕𝐸𝑘

= 2 ∑
𝑖

𝑆𝑖
𝜕𝑆𝑖
𝜕𝐸𝑘

with 𝜕𝑆𝑖
𝜕𝐸𝑘

=
𝜃𝑖𝟙[𝑖 = 𝑘] ∑𝑗 𝐸𝑗𝜃𝑗 − 𝐸𝑖𝜃𝑖𝜃𝑘

(∑𝑗 𝐸𝑗𝜃𝑗)
2 .

(3)

This expression implies that increasing exposure to an item
with high 𝜃𝑘 tends to raise its share and can increase HHI,
particularly when the item already has a large share [28]. In
contrast, reallocating exposure toward items with moderate
𝜃 can reduce HHI if it pulls share away from dominant
items. The empirical estimates of heterogeneous conversion
responses help identify which items have high effective 𝜃
and therefore whether the algorithm’s exposure shifts are
likely to concentrate demand.

Welfare accounting is presented cautiously because full
welfare depends on unobserved utilities, long-run entry,
and platform objectives. Still, short-run consumer surplus
proxies can be computed under a discrete-choice interpreta-
tion. Under a logit model, expected inclusive value is pro-
portional to the log-sum of utilities over considered items,
which depends on the recommendation-induced considera-
tion set [29]. Let the conditional choice set under policy 𝑎
be 𝒞(𝑎)

𝑢𝑡 , and utilities be 𝑉𝑖𝑢𝑡. A proxy for expected surplus
change is

Δ𝐶𝑆𝑢 ∝ 𝔼𝑡
⎡⎢
⎣

log⎛⎜⎜
⎝

∑
𝑖∈𝒞(1)

𝑢𝑡

exp(𝑉𝑖𝑢𝑡)⎞⎟⎟
⎠

− log⎛⎜⎜
⎝

∑
𝑖∈𝒞(0)

𝑢𝑡

exp(𝑉𝑖𝑢𝑡)⎞⎟⎟
⎠

⎤⎥
⎦

,

(4)

where proportionality reflects the marginal utility of in-
come. Recommendations that expand consideration sets
with relevant items can increase this proxy, while recom-
mendations that narrow sets can decrease it unless they
also raise average match quality. Producer-side outcomes
are approximated by seller revenue changes net of platform
fees and by measures of demand volatility that affect in-
ventory costs. The analysis reports how algorithm variants
change the variance of daily sales for small sellers, because
exposure volatility can impose operational costs even if av-
erage sales increase [30].

An additional macro implication concerns resilience and
dependence on a small set of products. Higher concentra-
tion can increase platform exposure to supply shocks if dom-
inant products face stockouts or quality issues. The paper
therefore computes a concentration-adjusted stockout risk
proxy by interacting sales shares with observed stockout
frequencies. This is not a structural reliability model, but
it quantifies whether algorithm variants allocate demand to-
ward items with more stable availability, which can improve
consumer experience even if concentration rises. This illus-
trates that concentration is not inherently undesirable; its
welfare interpretation depends on quality, reliability, and
competitive dynamics.

7. Robustness, Limitations, and Policy Discus-
sion

Robustness checks address identification threats that are
common in algorithmic settings [31]. For randomized exper-
iments, balance tests confirm that pre-treatment outcomes

and key covariates are similar across variants, and cluster-
ing accounts for repeated observations per user. Spillovers
are examined by testing for changes in aggregate outcomes
among users not assigned to treatment during the exper-
iment window, which could occur if sellers adjust prices
platform-wide. For staggered rollouts, event-study plots
evaluate pre-trends and reveal whether adoption coincides
with unusual shocks. Sensitivity analyses exclude major
promotional periods and control for marketing campaigns
and holidays. For regression discontinuities, density tests
on the running variable and continuity checks on covari-
ates support the absence of manipulation near cutoffs, and
bandwidth sensitivity assesses stability [32].

Measurement robustness is important because exposure
is not equivalent to attention. The analysis uses alternative
exposure definitions, including viewport-based impressions,
time-in-view thresholds, and scroll-adjusted exposures. Re-
sults are similar in sign when using these measures, though
magnitudes differ, consistent with the idea that not all im-
pressions are equally salient. Similarly, discovery depends
on the lookback window for “previously seen” status, so the
paper reports results for multiple windows. The qualitative
conclusion that exploration increases discovery is robust,
while the estimated conversion tradeoff varies with window
choice because longer windows classify more items as previ-
ously seen and therefore compress the measured discovery
margin.

Interference and displacement pose interpretational chal-
lenges [33]. Even with user-level randomization, the treat-
ment changes the composition of what is shown, so product-
level effects reflect both own exposure changes and compet-
itive displacement. The analysis addresses this by focusing
on group-level exposure shares and within-category concen-
tration outcomes, which are naturally defined under compe-
tition for slots. Still, general equilibrium beyond the user
can occur through supply-side responses, particularly for
advertising and pricing. The paper partially addresses this
by measuring changes in sponsored placements and by con-
trolling for contemporaneous advertising intensity, but it
does not fully model strategic seller behavior. As a result,
medium-run estimates should be interpreted as conditional
on the platform’s broader environment during the study
period [34].

A further limitation is that structural welfare proxies rely
on parametric assumptions about choice and consideration.
While reduced-form causal effects on observable outcomes
are less assumption-dependent, they cannot directly quan-
tify surplus. The structural layer is therefore used primar-
ily for counterfactual accounting and mechanism interpre-
tation rather than for definitive welfare claims. Where pos-
sible, the paper triangulates with nonparametric evidence,
such as revealed substitution patterns inferred from click
sequences and cart edits, to support the direction of mech-
anism channels.

The policy discussion focuses on levers that platforms
can adjust if concentration outcomes are a concern. Diver-
sity constraints in top ranks, calibrated exploration, and
constraints on repeated exposure to the same items can
broaden exposure, but they may reduce short-run conver-
sion if not carefully tuned [35]. Conversely, objectives that
heavily weight conversion and operational metrics can im-
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prove reliability and reduce returns but may concentrate
demand among operationally advantaged sellers. The anal-
ysis suggests that design choices can be framed as tradeoffs
among match quality, exploration, and competitive disper-
sion, and that the relevant objective depends on whether
the platform prioritizes short-run efficiency, long-run vari-
ety, or seller diversity. The empirical framework supports
auditing: by estimating the marginal effects of exposure
reallocations on concentration metrics, platforms can quan-
tify how much dispersion is gained per unit of conversion
loss, if any, in a particular category.

Finally, the discussion emphasizes that concentration ef-
fects are context-specific. In categories with strong qual-
ity gradients and high consumer consensus, concentrating
exposure on best-performing products may align with con-
sumer welfare proxies, while in categories with heteroge-
neous tastes and high differentiation, exploration and diver-
sity can improve match quality and reduce reliance on a few
incumbents [36]. The paper therefore advocates category-
sensitive evaluation rather than a single platform-wide con-
clusion. It also underscores that transparency about rec-
ommendation objectives and constraints can help interpret
observed concentration patterns without attributing them
solely to algorithmic bias.

8. Conclusion
This paper develops a causal approach to assessing how rec-
ommendation algorithms shape product discovery, demand
allocation, and concentration in platform-mediated retail.
By treating recommendations as an exposure allocation pol-
icy under attention constraints, the framework clarifies why
naive correlations between being recommended and selling
well are uninformative, and it motivates designs that lever-
age experimental variation, rollouts, and discontinuities
to identify causal effects. The empirical analysis decom-
poses impacts along the funnel from exposure to clicks to
purchases, showing how algorithms can increase discovery
while producing heterogeneous conversion responses. De-
mand allocation effects are largely mediated by substitu-
tion and displacement within constrained recommendation
slots, with early-funnel surfaces exhibiting more scope for
expanding engagement than later-funnel surfaces [37].

At the aggregate level, concentration changes are traced
back to exposure reallocation and conversion heterogeneity,
and counterfactual accounting connects micro-level shifts
to seller and product concentration metrics. The results
indicate that concentration is sensitive to how top ranks
are allocated and to dynamic feedback in learning-to-rank
systems, where short-run exposure changes can compound
through model retraining. The analysis also highlights that
seller-level concentration can move differently from product-
level concentration when operational features enter ranking
objectives, suggesting that multiple aggregation levels are
needed for monitoring.

The paper’s contribution is a disciplined empirical and
conceptual toolkit rather than a single directional claim
about recommendations. Recommendation policies can
broaden discovery and diversify demand in some contexts
and concentrate demand in others, depending on explo-
ration, personalization, and the alignment of ranking sig-

nals with consumer heterogeneity. The framework supports
ongoing evaluation and auditing by translating algorithmic
changes into interpretable causal quantities and by decom-
posing concentration effects into actionable channels [38].
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