
The Informational Role of Online Recommendations:

Evidence from a Field Experiment∗

Guy Aridor Duarte Gonçalves

Daniel Kluver Ruoyan Kong Joseph Konstan

Abstract

We conduct a �eld experiment on a movie-recommendation platform to investi-

gate whether and how online recommendations in�uence consumption choices.

Using a within-subjects design, our experiment measures the causal e�ect of rec-

ommendations on consumption and decomposes the relative importance of two

economic mechanisms: expanding consumers’ consideration sets and providing

information about their idiosyncratic match value. We �nd that the informational

component exerts a stronger in�uence – recommendations shape consumer beliefs,

which in turn drive consumption, particularly among less experienced consumers.

Our �ndings and experimental design provide valuable insights for the economic

evaluation and optimisation of online recommender systems.
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1. Introduction
Recommender systems (RecSys) are nearly ubiquitous in the digital economy. They combine data

from multiple consumers and sources to produce often personalised information in the form of

consumer-speci�c recommendations (Resnick and Varian, 1997). They have a wide set of appli-

cations: from e-commerce (Dinerstein et al., 2018), to curation feeds on social media platforms

(Aridor et al., 2024b), to cultural goods on media streaming platforms (Holtz et al., 2020), and to

articles on news platforms (Chiou and Tucker, 2017; Claussen et al., 2023). While these systems

have been shown to increase consumption and engagement across these di�erent contexts, de-

termining exactly which recommendations are most useful to consumers has spawned a large

debate, primarily about how they in�uence consumption decisions (McNee et al., 2006).

In this paper, we discuss a �eld experiment on a movie recommendation platform, MovieLens,

that measures the causal e�ect of online recommendations on consumption and decomposes the

economic mechanisms that drive their in�uence. As recommender systems are typically deployed

in environments with large choice sets, one prominent mechanism is that they can make con-

sumers consider goods, including goods that they did not know about. Furthermore, as these

systems are prevalent in markets with experience goods, they can provide information on goods’

idiosyncratic match value. We use a within-subject design that allows us to separately measure

the e�ect of these mechanisms on consumption. We �nd that the informational channel plays a

more substantial and important role in driving the e�ects of recommendation.

Our experimental design addresses two main challenges in measuring the causal e�ects of recom-

mendations and disentangling these two channels, while being general enough to be implemented

on any online platform with a recommendation system.

The �rst challenge is identifying the causal impact of recommendations on consumption. This is

complicated by the fact that recommendations are targeted to consumers and so the experimen-

tal design needs to account for this selection while still providing high-quality recommendations.

Our experimental design exploits a unique aspect of our data to isolate the role of recommenda-

tion as we observe the intermediate outputs of the RecSys algorithm that provide us with an

estimate of consumer-speci�c quality for each good. This motivates a within-subjects design

that uses these estimates to generate, for each consumer, a control group of goods, deliberately

excluded from recommendations, and a recommendation group of goods selected for recommen-

dation, both of which have similar consumer-speci�c quality according to the RecSys estimates.

The second challenge is that consumer beliefs are typically unobserved and that recommenda-
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tions simultaneously make consumers consider goods and provide information about their qual-

ity. We address the measurement issue with a belief elicitation survey that captures consumers’

beliefs about the quality of unconsumed goods and how certain they are about these assessments.

In this survey, consumers only see the name of the good and its movie poster; they cannot see

more details about the good or the platform’s predicted rating. A by-product of this elicitation

is that it makes consumers consider the good, without providing the informational content of

recommendation. We exploit the variation induced by this survey to include a third forced con-

sideration group of goods for each consumer, which appears only in the belief elicitation survey

but not in the recommendations. By carefully selecting the set of goods to elicit beliefs about and

comparing consumption frequencies across groups, we measure the causal increase in consump-

tion due to recommendation and quantify its informational gains.
1,2

Our experiment is conducted on a movie-recommendation platform, MovieLens, that is non-

commercial and devoted to producing helpful recommendations (it does not host movies) and fea-

tures open-sourced data and algorithm implementation. Its data constitute a central benchmark

in the recommender system community for the development and evaluation of new recommender

system algorithms, having been used in thousands of papers.
3

Speci�cally, the platform uses past

ratings paired with a collaborative �ltering algorithm to produce consumer-speci�c predicted rat-

ings for unrated movies (Harper and Konstan, 2015). These predictions are displayed to users

in the �rst row of the platform homepage and are used to tailor the platform’s consumer-speci�c

recommendations (“top picks”). As such, the recommendations are personalised and considered

high-quality. We maintain the recommendations quality during our intervention by including

only the top 750 goods for each consumer as determined by the RecSys estimates.
4

Our �rst main �nding is that recommendation induces a signi�cant increase in consumption. Our

Average Treatment E�ect on the Treated (ATT) estimates imply that recommendation induces a

substantial 341% increase in consumption beyond the e�ect of forced consideration alone. In

contrast, we �nd a modest e�ect of forced consideration on consumption.

Our second set of �ndings indicates that the larger increase in consumption from recommenda-

1
We are agnostic whether the informational gains come from direct inferences due to the recommendation or indirect

information accrued due to reduced information acquisition costs for recommended goods.

2
MovieLens does not directly o�er consumption opportunities, so our consumption measure relies on a self-reported

movie diary or an extended measure that includes platform ratings. We discuss these in Section 4.

3
The vast majority of papers using MovieLens data rely on the ratings dataset to evaluate the performance of new

recommendation system algorithms – see Harper and Konstan (2015) for an overview.

4
The focus is thus on estimating the e�ect of recommendations on consumption where the set of recommenda-

tions comprises “high quality” recommendations coming from the platform’s recommendation algorithm and not

randomly selected movies, which would not contain an informational component.
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tions is primarily driven by their informational role. We show that recommendations causally

in�uence beliefs, and that these, in turn, causally impact consumption decisions.

In order to causally identify how changes in beliefs drive consumption, we leverage the fact that

our experimental intervention induces exogenous variation in recommendations. We �nd that a

one-point increase in expected match value and a decrease in uncertainty (both on a 1-5 scale)

lead to an 8.4 and 10.1 percentage point increase in consumption, respectively.

Having shown that beliefs drive consumption, we then turn to examining how recommenda-

tions a�ect beliefs. We �nd that recommendations reduce uncertainty by 0.063 and shift ex-

pected match value assessments closer to the platform’s predicted rating by 0.015. Paired with

the earlier estimates on the relationship between beliefs and consumption, these changes in be-

liefs account for much of the observed increase in consumption. We conduct additional analysis

that shows that the informational role is driven both by reduced information acquisition costs

and the (idiosyncratic) quality signals provided by the recommendation. Finally, we �nd that

the informational role of recommendations is larger for less experienced consumers – those with

shorter consumption histories – as they are more uncertain in their assessments and experience

a larger causal increase in consumption from recommendations.

Understanding the economic mechanisms through which recommendations in�uence choice is

crucial for guiding the design and evaluation of RecSys. While the idea that recommendations

primarily function as information provision is economically intuitive, it contrasts with a domi-

nant focus in the literature on expanding consumers’ consideration sets as the hallmark of “good”

recommendations (Castells et al., 2015; Kaminskas and Bridge, 2016; Steck, 2018). Our �ndings

suggest that recommendations designed to provide match value information about considered

goods, as emphasised by the serendipity evaluation criterion (Kotkov et al., 2016), are more ef-

fective at driving consumption. Moreover, our �ndings validate the importance of collecting

economically motivated belief data, beyond traditional consumption data, as a tool for online

platforms to directly measure and optimise for the informativeness of recommendations.
5

1.1. Related Literature

This paper contributes to a burgeoning literature on the economics of recommender systems.

The Impact of Recommendation on Consumption. Recent literature has examined whether

RecSys impact consumption patterns. Senecal and Nantel (2004), Das et al. (2007), Freyne et al.

(2009), Zhou et al. (2010), Claussen et al. (2023), and Holtz et al. (2020) show that personalised

5
In a companion paper, we provide a scalable procedure for collecting belief data (Aridor et al., 2024a).
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RecSys, compared to non-personalised benchmarks, meaningfully increase consumption.

Our paper contributes by identifying the e�ect of recommendations produced by a recommender

system on consumption via good-level randomisation. Existing work compares consumption be-

tween personalised and non-personalised recommendations. This experimental design is natural

for assessing the impact of the recommendation algorithm on behaviour, but not for isolating the

role of the recommendation itself or discerning the mechanisms through which it operates.
6

Our

experimental design instead focuses on isolating the role of the recommendation itself by having

a control and a forced consideration groups of goods that would have been recommended, which

allows us to identify the causal e�ect of recommendation and disentangle its mechanisms.

Two closely related papers are Kawaguchi et al. (2021) and Chen et al. (2023). Kawaguchi et al.

(2021) decompose recommendation e�ects into attention and utility in a vending machine con-

text. Our approach di�ers in two key ways: we directly measure information provision by elicit-

ing consumer beliefs, and we focus on online platforms, where mechanisms di�er from the time-

pressure dynamics emphasised in vending machines. A more recent paper, Chen et al. (2023),

studies the e�ects of recommendations on consumer search using a �eld experiment that changes

the quality of recommendations. In contrast, our work directly measures the informational gains

from recommendations and separates these gains from their e�ects on consideration.

In addition, there is a growing literature in marketing focused on quantifying the e�ect of person-

alised product rankings on consumption (Ursu, 2018; Greminger, 2022; Korganbekova and Zuber,

2023; Donnelly et al., 2024; Compiani et al., 2024). Our paper di�ers by taking an experimental

approach, decomposing mechanisms, and focusing on product recommendations which are more

common in markets with experience goods, whereas rankings are more prevalent in markets with

search goods.

Recommender System Evaluation. Our work contributes to the computer science literature

on evaluating recommendation quality and determining which recommendations to present to

consumers. Early studies in this �eld recognised that goods with the highest predicted ratings

are not always the most useful recommendations (McNee et al., 2006). Since then, various met-

rics have been proposed to assess recommendation quality by combining predicted consumer

ratings with consumers’ past consumption history. These metrics can be categorised into two

groups: those that de�ne good recommendations as ones that expand consumers’ consideration

6
A well-implemented recommender system should result in a treatment group with systematically higher idiosyn-

cratic quality relative to the control group, which biases measurement of the e�ect of recommendation itself. The

econometric challenge is similar to that of measuring the e�ect of targeted advertising, since the econometrician

needs to account for selection into targeting (Gordon et al., 2019).
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sets, such as coverage and novelty (Kaminskas and Bridge, 2016; Castells et al., 2015), and those

that prioritise providing “unexpected and useful” information on match value, such as serendip-

ity (Kotkov et al., 2016). The rationale behind these metrics is that they implicitly incorporate

theories about how recommendations in�uence consumer decision-making processes. Our work

contributes to this literature by formalising how recommendations in�uence decision-making

through an economic lens and by using a �eld experiment to quantify the relative importance of

these mechanisms, ultimately guiding the choice between di�erent evaluation metrics.

2. Experimental Hypotheses
This section describes our primary experimental hypotheses. The goal of our experimental inter-

vention is to unpack the economic mechanisms through which recommendations a�ect choices.

Throughout, we focus on experience goods since this is a common setting in which RecSys are

deployed and a good match for our experimental environment.

We suppose that consumers have imperfect knowledge about the set of possible goods that exist in

the market and that, even for the goods they actively consider, they hold beliefs about how much

they will like the good conditional on consumption. We hypothesise that recommendations can

therefore impact choices in two possible ways: they can make consumers consider goods (con-

sideration role) and, conditional on consideration, provide (directly and indirectly) information

about how much they will like the good upon consumption (informational role).

Following Honka et al. (2017), we hypothesise that the consideration channel includes both an

awareness and a consideration component. Awareness means that the consumer is aware of the

existence of a good but has never considered it (e.g., they’ve heard of A Serious Man but have

never seriously considered watching it). Consideration means that, when deciding which goods

to consume, the consumer actively evaluates whether to consume it. In practice, recommenda-

tions feature prominently on the homepage of MovieLens (and other platforms) which, by design,

makes consumers aware of the goods. Whether or not this awareness translates to consideration

depends on whether the consumer attends to the recommendation. In this paper, we consider

the joint role of awareness and consideration, without decomposing the two, and design our

intervention to force consideration. This motivates our �rst hypothesis:

Hypothesis 1. Forcing consideration of a good increases its consumption; recommending it in-

creases consumption further.

Implicit in Hypothesis 1 is that recommendations act beyond just exposing consumers to goods.

We consider the explanation that recommendations provide information that leads to changes
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in consumers' attitudes about the goods. Underlying this is an assumption that consumers make

choices based on their underlying beliefs about how much they will like a particular good. There-

fore, to test that recommendations in�uence choices through the informational channel, we �rst

want to test the intermediate hypothesis that these beliefs matter for choices. We operationalise

consumer beliefs by measuring consumers' expected quality for a speci�c good and the uncer-

tainty about that assessment.7,8 This provides us with the following hypothesis:

Hypothesis 2. Goods with higher expected quality and lower uncertainty are more likely to be

consumed.

We expect Hypothesis 2 to be true based on any reasonable model of consumer behaviour in

this context. However, in our experimental intervention, we will actively elicit these beliefs from

consumers on MovieLens and so by testing Hypothesis 2 we are also implicitly testing that we are

able to elicit meaningful beliefs from consumers. If Hypothesis 2 is indeed true, then one channel

through which recommendations could impact choices is by shifting beliefs through information

provision. This provides us with our �nal hypothesis:

Hypothesis 3. Recommending a good (i) makes consumers less uncertain and (ii) drives their beliefs

towards the platform's predicted match value.

Hypothesis 3(i) is a natural implication of standard models of information acquisition as infor-

mation should primarily reduce uncertainty. We posit Hypothesis 3(ii) since, in many contexts

where RecSys are deployed (including the platform we deploy the intervention on), the platform

provides both the recommended good and the consumer-speci�c predicted match value. Thus, if

consumers internalise this information, then their beliefs should shift toward the platform's pre-

dictions. We remain agnostic about the source of the information, which can operate through two

channels: the recommendation itself may directly signal quality, and it may reduce information

acquisition costs due to the prominent positioning on the platform.

3. Experimental Design

In order to study whether and how recommendations impact consumption, we conduct an exper-

imental intervention on a movie recommendation online platform, MovieLens. Our intervention

has two main features: (i) we generate random variation in recommendations to study their causal

e�ect on consumption, and (ii) we elicit belief data about match values prior to consumption to

7The hypothesis that uncertainty matters implicitly tests whether consumers are uncertainty-averse: all else being
equal, consumers preferring goods with lower uncertainty to those with higher uncertainty.

8Since we are in a setting with experience goods, we assume that the true match value for the good is only revealed
after consumption and that, upon consumption, they have no uncertainty about it.
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examine the informational mechanisms through which recommendations act. In this section, we

provide background information on the platform and describe our experimental procedures.

3.1. Background on the Recommendation Platform

MovieLens is a movie recommendation platform created in 1997.9 Consumers use the platform

to �nd and obtain information about movies, receive personalised recommendations based on

their ratings, and rate movies after watching. It does not provide consumption opportunities, as

it does not host movies to stream nor does it direct users to other platforms.10

The platform's home page displays movies organised by rows, with the �rst row showing eight

�top picks�, the platform's top recommended movies for the user. Movies are set in a grid, with

their poster, title, and the platform-predicted rating for the user. The platform-predicted ratings

are personalised to each user and obtained through a sophisticated collaborative �ltering algo-

rithm that combines the user's and others' past ratings, reviews, and other metadata (Harper and

Konstan, 2015). The properties, e�ectiveness, and potential biases of this algorithm's outputs �

in particular in the MovieLens context � have been widely studied by previous literature (e.g.,

see Herlocker et al. (1999); Sarwar et al. (2001); Ekstrand et al. (2011) for several examples). Our

goal is to assess how consumers interpret the output of this algorithm, which has since been de-

ployed across many domains outside of movies, and the extent to which it impacts their beliefs

and choices.

3.2. Experimental Intervention and Measurements

In order to test the hypotheses laid out in Section 2, we conduct a six-month experimental inter-

vention on MovieLens. Since recommendations are personalised, we implement awithin-subjects

design to control for consumer's idiosyncratic tastes, relying on the RecSys prediction of the rat-

ing for each consumer-good pair. For each consumer, we select the 750 previously unrated goods

with the highestpersonalisedpredicted ratings and apply consumer-speci�c strati�ed block ran-

domization. Within each consumer, goods are grouped into triplets based on that consumer's

predicted ratings and randomly assigned within each triplet to one of three experimental con-

ditions: control, forced consideration, andrecommendation. This design ensures that, for a given

consumer, comparisons across conditions are made among goods with similar baseline predicted

quality for each consumer, rather than being driven by idiosyncratic quality di�erences.

9The platform has been widely used, and its movie ratings data are a central benchmark in the recommender system
community for the evaluation of new recommender system algorithms (Harper and Konstan, 2015). In Online
Appendix C we provide additional discussion of the platform as well as screenshots of the interface.

10We de�ne our proxies for consumption in Section 4.
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Forced Consideration Recommendation

Baseline predicted ratings

Step 1:Add i.i.d. Gaussian noise
(seeded by survey index)

and sort (descending)

Select top 8 from noisy ranking

Step 2:Uniformly sample 2
from the top 8

Baseline predicted ratings

Step 1:Add i.i.d. Gaussian noise
(seeded by survey index)

and sort (descending)

Select top 8 from noisy ranking

Step 2:Uniformly sample 2
from the top 8

Additional 2 goods
(uniform from

forced consideration)

This period: 4 goods
(2 from each set)

4 goods selected
in step 2 from

previous period

Step 3:Movie Diary

Step 4:Elicit beliefs about these 10 goods

Step 5:Recommend top 8 from therecommendation set
(as sorted in Step 1)

Solid boxes = process/data Dashed boxes = sampled sets (randomisation)

Figure 1: Belief Elicitation and Recommendation Procedure

Throughout the six-month period, we enforce that, for a given consumer, only goods from the

recommendationset enter into the `top picks' recommendations on the platform's homepage,

whereas goods from thecontrolset are held out from the recommendations entirely during this

period. However, in order to test Hypothesis 1, we need a way to disentangle the e�ect of forced

consideration from the informational role of recommendations.

We overcome this by introducing a survey that appears when consumers enter into the platform

during the experimental period. The survey begins with a movie diary � where consumers self-

report what movies they have watched since their last platform visit (see Figure 7). Then, for 10

goods from therecommendationandforced considerationsets, we ask whether they have watched

the movie (see Figure 8). If they had watched it, we ask for their rating and approximate watch

date. If they had not watched it, we elicit their expected rating using the platform's typical rating
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scale, a 10-point Likert scale ranging from 0.5 (worst) to 5 (best), and their level of certainty

on a 5-point Likert Scale, ranging from 1 (most certain) to 5 (least certain).11 We assume that,

upon marking a movie as watched and rating it, consumers learn the match value and there is no

remaining uncertainty. We then take the reported ratings as part of our belief data. Furthermore,

throughout we will assume that belief data were truthfully reported and validate the internal and

external validity of the belief data in Appendix A.12

We only include goods from theforced considerationandrecommendationgroups in the survey.

Since responding entails actively thinking and expressing an opinion about the good, we assume

that goods inforced considerationare actively added to the consumer's consideration set, enabling

us to measure the e�ect of consideration on choices by comparing them with the control group.

Importantly, the survey only provides the movie title and poster, stripping away the informational

content of the recommendations13 and ensuring this elicitation only serves to inform about the

existence of the good. Thus, by comparing therecommendationandforced considerationgoods, we

are able to measure the further impact of recommendation beyond consideration as it additionally

contains the information typically provided in recommendations.

The next component of the experimental design is to determine which goods appear in the rec-

ommendations and belief elicitations, since they comprise only a small fraction of the goods in

the consumer-speci�c experimental groups. We want to induce exogenous variation in the rec-

ommendations, elicit beliefs about goods before and after they are recommended, and ensure that

the predicted idiosyncratic quality for elicited goods is, on average, similar between therecom-

mendationandforced considerationgroups.14 We implement this using the procedure for selection

at a given time period documented in Figure 1.

Once a consumer completes the belief survey, it does not appear again until at least 24 hours

and, importantly, a subset of goods from the current survey persists to the following survey. This

persistence is important as it ensures that, for goods in therecommendationgroup, we elicit beliefs

before and after the recommendation, whereas for goods in theforced considerationgroup, beliefs

are elicited twice without the informational content from recommendations. We additionally

note that (i) we keep predicted ratings �xed at their pre-experiment values and (ii) consumers

can skip the survey, but the random seed remains �xed until they complete the current-period

11Throughout the rest of the paper, in line with our discussion in Section 2 we interpret the rating as the match value.
Thus, we refer to the platform's predicted rating as the predicted match value, the consumer's pre-consumption
expected rating as expected match value, the consumer's post-consumption rating as realised match value.

12While our survey is not incentivised, the platform is non-commercial and routinely uses consumer inputs, including
ratings, to help improve a consumer's recommendations.

13This includes the platform-predicted ratings, tags, genre, and the ability to visit the details page.
14Additionally, we want to ensure that we retain the high idiosyncratic quality of the product recommendations.
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survey, ensuring that recommendations and belief elicitations remain the same until completion.

3.3. Recruitment and Study Implementation

In our intervention, we target a random sample of the platform's users.15 We restrict our sample

to users who satisfy the following conditions:(i) have rated more than 100 movies in total;(ii)

have rated fewer than 3,000 movies in total; and(iii) over the previousm Æ1,2,3,4 months, have

rated a minimum ofd1.5memovies. The �rst condition is a minimum data requirement so that the

recommender system is able to provide valuable recommendations. This is especially important

given that, throughout the duration of the intervention, the assignment of movies to treatments

is held �xed and therefore so is the set of movies that can be recommended. The second condition

excludes power users. The last condition ensures that targeted users are minimally active on the

platform over the recent past. These criteria were chosen in consultation with the platform's

experts in order to ensure that the data are representative of the overall platform population:

stable users who are familiar with the platform's recommender system. By targeting a minimum

level of engagement, we are measuring the e�ects of recommendations on a set of consumers

who have had repeated interactions with the recommender system and formed their expectations

about the value of the information coming from it.16

The intervention lasted from 29 March 2021 to 31 October 2021 with a phased rollout � a randomly

selected portion of consumers from 29 March 2021 until 15 April 2021, followed by a full rollout to

all eligible consumers.17 The length of the study period was selected based on power calculations

and the potentially slow rate of movie consumption over time. The intervention targeted 4,572

eligible users, of which 1,452 decided to enrol in the study; we conduct our analysis on data from

these participants. The summary statistics for belief survey completions, good consumption,

platform visits, and beliefs are provided in Table 5.

4. Causal E�ect of Recommendations on Consumption

In this section, we test Hypothesis 1 by asking whether consideration and recommendation

causally induce additional consumption. First, we describe our consumption measures and then

discuss our empirical speci�cation for estimating treatment e�ects.

15The use of or access to the platform is prohibited to individuals under the age of 18.
16This can be interpreted as evaluating the value of recommendation once it has converged from a dynamic feedback

process in which consumers arrive with priors about the usefulness of the recommendations, provide data based
on consumption, receive recommendations, and subsequently update their beliefs based on the e�ectiveness of
these recommendations. Better understanding this dynamic process and how platforms can build trust among
their users is an important aspect of recommender system design, but is beyond the scope of this paper.

17The recruitment dialogue box is displayed in Figure 6.
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Consumption Measures. Since the platform does not o�er consumption opportunities, we rely

on self-reported proxies for consumption.

Our �rst measure, denotedmovie diary, comes from the belief-elicitation survey, where con-

sumers are asked to indicate and rate any movies they have watched since they last completed

the survey (see Figure 7). Our second measure, denotedrobust ratings, combines on-platform user

ratings with the ratings and viewing times reported in the belief-elicitation survey. Both have

advantages and disadvantages. On the one hand, ratings may be selectively reported based on

salience on the platform or enjoyment, even if this concern is less severe on MovieLens than on

other review platforms (Schoenmueller et al., 2020; Rossi and Schleef, 2024). On the other hand,

internal interview studies by MovieLens show that users treat ratings as a form of consumption

diary itself, which implies that the movie diary is particularly prone to under-reporting precisely

the most salient movies on the platform.18 Although robust ratings are our preferred measure

of consumption, to avoid over-estimating the treatment e�ects of exposure and recommendation

on consumption, we primarily rely on the movie diary and the 804 consumers who used it to

estimate the treatment e�ects on consumption discussed in this section. This yields conservative

estimates, with attenuation in magnitudes and a bias against �nding e�ects of forced considera-

tion and recommendation.

Empirical Speci�cation. We consider the following speci�cation:

ci ,x Æ¯ 0 Å ¯ 1ei ,x Å ¯ 2r i ,x Å ² i ,x (1)

where ci ,x Æ1 if, during the intervention, consumeri reported consuming goodx (and0 other-

wise),ei ,x Æ1 if good x is in consumeri 's forced consideration or recommendation sets and0 if

it is in the control set, andr i ,x Æ1 if x is in i 's recommendation set.19

Recall that, for consumeri , forced consideration of goodx occurs through belief elicitation only

if x is in the forced consideration or recommendation sets, and platform recommendation of

good x occurs only if x is in the recommendation set. Naturally, consumers may have other

recommendation sources and, even within the platform, may be exposed to goods in either set.

Since we strati�ed randomisation by consumer-speci�c tastes, exposure and recommendation to

goods via other channels should be orthogonal to treatment assignment.

Estimated over the full sample, this speci�cation provides Intent-to-Treat (ITT) estimates, since

our randomisation assigns 250 goods to each group, but not every good is actually forced-considered

18Indeed, several movies were �rst marked as unseen in a belief-elicitation survey and then as seen in a later one,
without ever featuring in the movie diary.

19Throughout the paper, our primary empirical speci�cations do not include consumer �xed e�ects. However, in
Online Appendix A.5 we show that the results do not quantitatively change if we include them.
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or recommended during the experimental period.20

Dependent variable:

Consumption (Movie Diary)
ITT ATT

(1) (2)

Consideration ¡ 0.0001
(0.0001)

Recommendation 0.0003¤¤¤ 0.0029¤¤¤

(0.0001) (0.0008)

Constant 0.0008¤¤¤ 0.0009¤¤¤

(0.0001) (0.0003)

Consumer FE No No
Observations 603,000 19,013

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 1: Causal E�ect of Recommendation on Consumption (Movie Diary)

Notes: This table tests Hypothesis 1 (the causal e�ect of recommendation and consideration on consumption) by
estimating Equation 1. Each observation corresponds to a pair (consumeri , goodx), and consumption is de�ned
according to the movie diary measure. Column (1) reports Intent-to-Treat (ITT) estimates and Column (2) reports
Average Treatment E�ect on the Treated (ATT) estimates for the e�ect of recommendation on consumption. We
estimate this over consumers with at least one entry in their movie diary during the experiment. We remove any
goods that were marked as consumed before the consumer enrolled in the experiment. Standard errors are clustered
at the consumer level.

This motivates estimating Equation 1 while restricting the sample to goods that consumers explic-

itly reported in the belief-elicitation survey that they had not consumed before. This comparison

can only be done between the recommendation and forced consideration treatment groups since,

by construction, we do not observe beliefs for the control group. However, restricting to elicited

goods ensures that consumers (i) did not consume these goods before the intervention, (ii) ac-

tively thought about them (thus are both aware of and consider them), and (iii) were exposed to

them via the intervention (forced consideration for both treatment groups via the elicitation and

additionally recommendation for the recommendation group). As such, it provides an estimate

of the Average Treatment E�ect on the Treated (ATT).

20This results in an underestimate of the e�ect of recommendation, relative to forced consideration, since goods that
appear in recommendations but not in the belief-elicitation survey may not be actively considered.
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Results. We estimate these speci�cations and display the results using the movie diary measure

in Table 1. The e�ect of consideration alone is negligible, refuting the �rst part of Hypothesis 1.

Recommendation leads to a statistically and economically signi�cant increase in the probability

of consumption � 30% (ITT) and 341% (ATT) increase, providing support for the second part of

Hypothesis 1. The ATT estimates indicate that recommendation shifts choice toward the rec-

ommended good � raising its consumption probability by 341% relative to consideration alone.

Because goods across treatment groups within a consumer have similar ex ante choice proba-

bilities by construction, we interpret this e�ect primarily as reallocation across available goods

induced by recommendation. In Online Appendix A.1 we replicate this using the robust ratings

measure, which yields qualitatively similar results, except that we �nd a statistically signi�cant

(but economically small) 7% increase (ITT) due to forced consideration.

5. Recommendations, Beliefs, and Consumption

The results from Section 4 support Hypothesis 1(ii), indicating that recommendation has an eco-

nomically large e�ect beyond consideration alone. In this section, we examine whether this can

be rationalised by an informational mechanism. Namely, we examine the causal impact of beliefs

on consumption, and then that of recommendations on beliefs.

5.1. Beliefs Cause Consumption

We start by evaluating whether beliefs cause consumption by testing Hypothesis 2, which � in

line with our theoretical framework � predicts that the likelihood of consumption is increasing

in expected match value and decreasing in reported uncertainty. We evaluate this relationship

through the following regression:

ci ,x Æ¯ 1vb
i ,x Å ¯ 2¾b

i ,x Å ² i ,x (2)

where vb
i ,x and ¾b

i ,x denote the last elicitation of consumeri 's expected match value and the

uncertainty associated with goodx.21 We rely on the robust ratings consumption measure for

this analysis since it already conditions on goods consumers have reported not having watched

before the intervention and under-reporting is less of a concern with this measure.22

In order to enable a causal interpretation of the relationship between beliefs and consumption, we

use an instrumental-variables approach. We instrument expected match value and uncertainty

21In Table 8, we show that our conclusions on the causal impact of beliefs on consumption remain robust to consid-
ering the �rst elicitation, instead of the last.

22In Online Appendix A.3 we nonetheless show that the same qualitative patterns arise if we replicate this analysis
using the movie diary consumption measure.
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Dependent variable:

Consumption (Robust Rating)

(1) (2) (3)

Uncertainty ¡ 0.113¤¤ ¡ 0.101¤¤

(0.046) (0.047)

Exp. Match Value 0.068¤¤¤ 0.084¤¤¤

(0.020) (0.027)

Constant 0.400¤¤ ¡ 0.188¤¤¤ 0.107
(0.155) (0.060) (0.155)

Weak Instruments (Uncertainty) 11.22 - 4.40
(p-value; df.) (0.001; (1, 21233)) - (0.004; (3, 21231))
Weak Instruments (Exp. Match Value) - 54.86 19.71
(p-value; df.) - (0.000; (1, 21233)) (0.000; (3, 21231))
Wu-Hausman 10.05 9.79 9.55
(p-value; df.) (0.002; (1, 21232)) (0.002; (1, 21232)) (0.000; (2, 21230))
Sargan - - 0.16
(p-value; df.) - - (0.689; 1)
Observations 21,235 21,235 21,235

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 2: Beliefs Cause Consumption (Hypothesis 2)

Notes: This table tests Hypothesis 2 � the causal e�ect of a good's expected match value and uncertainty on whether
it is consumed (according to the robust rating measure) � by estimating Equation 2. The covariates are uncertainty
and expected match value, using the last elicitation for a (consumeri , goodx). We use the instruments described in
Section 5.1 � whether the elicitation occurred before or after a recommendation and the opt-in date of the consumer
to the intervention. Weak Instruments, Wu-Hausman, and Sargan correspond to tests regarding weak instruments,
endogeneity, and validity of over-identifying restrictions. OLS estimates are provided in Table 10. Standard errors
are clustered at the consumer level.

with two variables: (1) whether a belief elicitation occurred before or after a recommendation,

exploiting the randomisation of which movies are recommended; and (2) the consumer's activity

level, proxied by their study opt-in date, leveraging the phased rollout. We include the interaction

of both instruments when analysing both endogenous regressors.

The intuition behind these instrumental variables is as follows. For (1), we interpret our ex-

periment as a typical information provision experiment in economics (Haaland et al., 2023) that

provides randomised variation in beliefs, so long as recommendation provides information that

shifts beliefs (which we explicitly test in Hypothesis 3). For (2), we exploit two sources of exoge-

nous variation: consumers' activity level on the platform, which proxies for how much informa-

tion they have about movies, and when they begin receiving the information intervention, which
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varies exogenously across consumers due to the phased rollout. Consumers who opt in earlier

are di�erentially a�ected over time by the information intervention. Because platform activity

and opt-in timing in�uence consumption only through their impact on updated expectations,

and have no other direct e�ect on how much they consume, they together satisfy relevance (shift

beliefs) and exogeneity (a�ect consumption via beliefs).

Our results are displayed in Table 2 and are consistent across all speci�cations.23 Columns (1)

and (2) present the results of using the information provision and enrolment instrumental vari-

ables separately for uncertainty and expected match value, respectively. Column (3) presents the

results of estimating Equation 2 using both instrumental variables. The estimates suggest that

a one-point increase in expected match value and a one-point decrease in uncertainty lead to,

respectively, an 8.4 and a 10.1 percentage point increase in consumption probability, lending sup-

port for Hypothesis 2. These estimates are economically meaningful, suggesting that the e�ect

sizes observed in Section 4 can be rationalised if recommendation changes consumer beliefs.

5.2. Causal E�ect of Recommendations on Beliefs

Now that we have established that beliefs causally determine consumption, we explore whether

recommendation a�ects these beliefs. The information conveyed by recommendations about po-

tentially high-match-value goods can lead to belief updating and subsequently in�uence choices.

This informational channel constitutes the crux of Hypothesis 3.

We examine two aspects of this. First, we test whether recommendations provide information,

that is, whether they decrease uncertainty. Second, we test whether recommendations drive

consumers' expected match value assessments closer to the platform's predicted match value,

that is, whether recommendations reduce the consumer�platform expected match value gap. We

estimate the following speci�cation:

yi ,x Æ¯ 0 Å ¯ 1r i ,x Å ² i ,x (3)

where r i ,x is an indicator that equals 1 if goodx was recommended to consumeri and is other-

wise 0, andyi ,x Æ¢ ¾b
i ,x or ¢ jvp

i ,x ¡ vb
i ,xj, which denote, respectively, the change in consumeri 's

uncertainty about goodx's value and the change in the consumer�platform match value gap, i.e.,

the di�erence between consumeri 's expectation of goodx's match value,vb
i ,x, and the platform's

predicted match value of goodx for consumeri , vp
i ,x. The change is taken over the course of

23We perform standard diagnostic tests to assess the validity of the instruments (Wooldridge, 2010). The F-statistics
con�rm that both IVs are strong, individually and jointly. A Wu-Hausman test reveals signi�cant correlations (p
< 0.01) between the endogenous regressors (uncertainty, expected match value) and the error term in all speci�ca-
tions, indicating that OLS estimates are biased and IV estimation is necessary. Finally, the Sargan test in Column
3 yields a non-signi�cant result (p = 0.672), supporting the validity of the exclusion restriction.
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Dependent variable:

¢ Uncertainty
¢ User-Platform

Exp. Match Value Gap

(1) (2)

Recommendation ¡ 0.063¤¤¤ ¡ 0.015¤¤

(0.013) (0.007)

Constant ¡ 0.055¤¤¤ 0.004
(0.008) (0.004)

Consumer FE No No
Observations 21,283 21,283

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 3: The Causal E�ect of Recommendation on Beliefs (Hypothesis 3)

Notes: Columns (1) and (2) test, respectively, Hypothesis 3(i) � the causal e�ect of recommendation on uncertainty
� and Hypothesis 3(ii) � the causal e�ect of recommendation on the shift in expected match value toward that
provided by the platform's predictions. The dependent variables are uncertaintyyi ,x Æ¢ ¾b

i ,x for Column (1) and
the change in the absolute di�erence between the consumer's expected value and the platform's predicted value,
yi ,x Æ¢ jvb

i ,x ¡ vp
i ,xj for Column (2). In order to measure the dependent variable, we compute the di�erence between

the �rst and last beliefs reported for each consumeri and goodx. We estimate Equation 3 for each dependent variable
separately. Standard errors are clustered at the consumer level.

the experiment, comparing the �rst and last beliefs reported for each consumeri and goodx, as

speci�ed in Section 3.

Since goods selected for belief elicitation are of the same expected (high) match value, regardless

of whether they are recommended, we are able to identify a causal e�ect of recommendations

on consumer beliefs. Columns (1) and (2) of Table 3 present our estimates for Equation 3 with

yi ,x Æ¢ ¾b
i ,x and yi ,x Æ¢ jvp

i ,x ¡ vb
i ,xj, respectively. We �nd support for Hypothesis 3, with rec-

ommendations decreasing uncertainty for the recommended good and reducing the match value

di�erence between consumers' expectations and the platform's predictions.24 Recommending a

good signi�cantly decreases uncertainty by 0.063 and closes the match value gap by 0.015. To-

gether with the e�ect sizes estimated in Section 5.1, these e�ect sizes are economically large.

These results are consistent with the increase in consumption from recommendations coming

largely from an informational mechanism. In Online Appendix B we show that both informa-

tional channels play a role: consumers acquire more information about recommended goods,

which drives belief updating and, once we control for information acquisition, recommendation

24A possible concern is that a �ve-star rating has di�erent meaning across consumers. In Online Appendix A.4 we
show that our results are robust to normalising beliefs within consumer to address this concern.
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still has a positive informational role, indicating that it provides a quality signal to consumers.

To further assess whether the informational role is the primary mechanism driving the con-

sumption increase due to recommendations, we assess whether recommendation has a greater

impact when consumers are less certain about their valuation of a good and when they are less

experienced with the product space. In Appendix B we provide empirical evidence for this: the

reduction in uncertainty is stronger for goods with higher prior uncertainty and, using the num-

ber of baseline ratings as a proxy for experience, we show that the e�ect of recommendations on

consumption is larger for less experienced consumers.

6. Discussion

In this section, we discuss the implications of our results and highlight caveats related to what

our experimental intervention cannot capture.

External Validity. One potential limitation is the generalisability of our �ndings to other do-

mains. The intervention was conducted on MovieLens, a platform with two notable features: it

focuses exclusively on movies and lacks pro�t-driven motives in its recommender system. By

contrast, recommender systems are deployed in domains where consumption processes may dif-

fer from those for movies, and many online platforms are pro�t-oriented.

Nevertheless, we believe our �ndings o�er insights that extend beyond this setting. MovieLens

data have been instrumental in advancing research on recommendation algorithms, serving as

a benchmark for evaluating new algorithms since the 1990s and in�uencing the development of

algorithms employed by commercial platforms across domains, including news, social media, and

online marketplaces (Harper and Konstan, 2015). While these contexts involve varying consump-

tion behaviours, the conceptual framework and experimental design in this paper provide tools

to disentangle underlying mechanisms and estimate their relative importance in environments

driven by collaborative �ltering algorithms.25,26 For platforms where recommendations incorpo-

rate pro�t motives, the same design would still allow mechanism decomposition; in the movie

25A notable di�erence between MovieLens and some contemporary platforms is its display of the predicted rating for
each consumer. This is still common for typically non-personalised recommender systems (e.g., Tripadvisor, Yelp,
etc.), on many movie platforms (e.g., Net�ix until recently), and other smaller platforms (e.g., Beli). Nonetheless,
we do not believe that our results would be qualitatively di�erent if there were no personalised rating provided to
the consumer.

26An additional concern is that our sample comprises consumers willing to respond to surveys and participate in
an experiment. Despite this, in Aridor et al. (2024a), where belief elicitation is embedded on the homepage, we
�nd similar descriptive results about the relationship between expected and realised match value. Furthermore, as
we decompose the joint e�ect of awareness and consideration from information conditional on consideration, less
attention paid to recommendations would not a�ect the value of information conditional on attention.
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domain, to the extent that monetisation reduces perceived recommendation quality, we would

expect our estimates to be an upper bound on the informational role.

In short, our work enables an evaluation of the mechanisms through which recommendations

in�uence choices on a platform foundational to algorithmic development. It serves as a bench-

mark for assessing the relative magnitudes of economic mechanisms driving choices under a

transparent, canonical recommender system absent pro�t motives. Moreover, the approach de-

veloped here is portable and can be applied to other contexts to deepen our understanding of how

recommendations in�uence choices under varying objectives and consumption processes.

Implications for Recommender System Design and Evaluation. Our results have implica-

tions for recommender system design and evaluation. A key distinction in this literature lies in

whether the primary goal is to expand consumers' consideration sets or to provide better infor-

mation about goods they might already consider. This literature largely explores how to convert

predicted ratings/utilities into a slate of recommendations and proposes di�erent objectives for

doing so. Some systems prioritise surfacing goods to broaden consumers' options, while others

focus on enhancing the informational value of recommendations.

Our �ndings shed light on the relative importance of these channels by showing that recommen-

dations primarily operate through the informational channel rather than by expanding consid-

eration sets. This suggests that systems designed to inform consumers�by helping them make

more informed choices among options they already consider�are more e�ective at driving con-

sumption than those focused on consideration set expansion.

This shift in focus has implications for recommender system design. As discussed in the in-

troduction, several metrics are often used as proxies for recommendation informativeness, but

they con�ate broadening options with providing information, without directly capturing how

recommendations achieve the latter. In our experimental intervention, we elicited belief data to

explicitly measure the informational value of recommendations, demonstrating its potential for

optimising RecSys design. In a companion paper (Aridor et al., 2024a), we adapt our methodology

and introduce a procedure for collecting belief data suitable for large-scale implementation, along

with an open-source MovieLens dataset that incorporates this information. These contributions

help clarify the economic forces behind consumption choices due to recommender systems and

can guide their design and evaluation.
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Appendix.

Appendix A. Belief Data Validation Exercises

In this appendix, we show that the belief data we collect exhibit reasonable patterns and are
informative about realised match value. In other words, we provide evidence that consumers
have well-formed beliefs about movies and that survey-based measures can accurately capture
them.

First, we show that consumers' beliefs are anunbiasedstatistic for their value assessments af-

ter consumption, arguably settling any question about the validity of the expected match value

measure. We estimate:

v i ,x Æ¯ 1vb
i ,x Å ² i ,x

wherev i ,x denotes the realised match value of goodx for consumeri , and, to capture consumers'

initial beliefs before any intervention,vb
i ,x denotes consumeri 's �rst belief elicitation about good

x. The results in Column (1) of Table 4 show that the estimated coe�cient¯ 1 is precisely estimated

Dependent variable:

Realised Match value Realised vs. Exp. Match Value Gap Prior Uncertainty

(1) (2) (3)

Exp. Match Value 1.017¤¤¤

(0.010)

Uncertainty 0.201¤¤¤

(0.075)

Log(User Ratings) ¡ 0.465¤¤¤

(0.060)

Log(Movie Ratings) ¡ 0.056¤

(0.033)

Movie is Sequel ¡ 0.061¤¤¤

(0.010)

Constant 4.167¤¤¤

(0.227)

Consumer FE No Yes No
Observations 408 408 20,788

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 4: Properties of Belief Data

Notes: This table demonstrates sensible patterns in the belief data. Column (1) estimates the correlation between
realised match value (rating after consumption) and expected match value (expected rating from the belief survey).
Column (2) estimates the relationship between the distance between expected and realised match value and prior
consumer uncertainty about expected match value. Column (3) displays the relationship between consumer uncer-
tainty and consumers' log past consumption, as given by the number of movies rated at the outset of the experimental
period (�User Ratings�), movies' log popularity, as given by the number of ratings at the outset of the experimental
period on MovieLens (�Movie Ratings�), and whether the movie is a sequel. Prior beliefs (uncertainty and expected
match value) refer to the �rst belief elicitation for a given consumer and movie.
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and close to 1: consumers' prior beliefs are, on average, correct.

Second, we show that the (Euclidean) distance between the expected match value assessment and

the realised match value is increasing in reported uncertainty. Speci�cally, we estimate:

¯
¯
¯v i ,x ¡ vb

i ,x

¯
¯
¯ Æ¯ 0 Å ¯ 1¾b

i ,x Å · i Å ² i ,x.

Column (2) of Table 4 reports̄1 È 0, indicating a positive relationship between uncertainty and

the resulting di�erence, and validating that greater uncertainty is associated with less aligned

expected and realised match values.

Figure 2: Uncertainty by Expected Quality

Notes: This �gure shows expected match value on the x-axis and the associated conditional average uncertainty
score on the y-axis, as well as the associated 95% con�dence interval. We estimate this on the full set of belief
elicitations.

We then explore the relationship between expected match value and uncertainty and show in

Figure 2 that, as one would expect, consumers are more certain about extreme value assessments

(i.e., close to 0 or 5 stars) than about more moderate ones (i.e., 3 stars).

The �nal validity check explores how uncertainty relates to the popularity of a good (measured

by the number of community ratings on MovieLens), consumers' past experience (measured by

their number of pre-experiment ratings), and whether the movie is a sequel (measured by joining

to IMDb data). We therefore run the following regression:

¾b
i ,x Æ¯ 1 log(Past Consumptioni )Å ¯ 2 log(Popularityx)Å ¯ 3Sequelx Å ² i ,x (4)

where the notation is similar to the previous speci�cations. To isolate any role of the experimental

intervention in modifying beliefs, we restrict attention to the �rst belief elicitation of a given good
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for each consumer.

Column (3) of Table 4 displays the results, showing that greater popularity and being a sequel are

associated with lower uncertainty. It also shows that uncertainty is decreasing in past consump-

tion, indicating that less experienced consumers are, on average, more uncertain about expected

match value.

Mean Std. Dev. Median 25th Percent. 75th Percent. Min Max

Goods Consumed per consumer (Overall, Movie Diary) 2.11 2.12 1.00 1.00 2.00 1.00 14.00
Goods Consumed per consumer (Intervention, Movie Diary) 0.60 1.43 0.00 0.00 1.00 0.00 12.00
Goods Consumed per consumer (Overall, Robust Rating) 32.87 49.86 19.00 8.00 38.00 1.00 576.00
Goods Consumed per consumer (Intervention, Robust Rating) 4.94 10.22 1.00 0.00 6.00 0.00 177.00
Belief Surveys per consumer 3.98 5.88 2.00 1.00 4.00 1.00 72.00
Unique Visit Days per consumer 16.61 19.31 10.00 5.00 20.00 1.00 157.00
Realised Match Values 3.71 0.88 4.00 3.50 4.00 0.50 5.00

Avg. Realised Match Values per consumer 3.77 0.59 3.83 3.50 4.16 0.50 5.00
Exp. Match Values 3.02 0.94 3.00 2.50 3.50 0.50 5.00

Avg. Exp. Match Values per consumer 3.02 0.57 3.05 2.70 3.40 0.50 4.53
Uncertainty 3.40 1.15 3.00 3.00 4.00 1.00 5.00

Avg. Uncertainty per consumer 3.38 0.71 3.33 2.90 3.88 1.00 5.00
Platform Predicted Match Values 3.98 0.50 4.02 3.71 4.31 0.00 5.00

Platform Predicted Match Values per consumer 3.98 0.43 4.01 3.71 4.27 1.59 5.00
Platform Predicted Match Values for Elicited 4.36 0.42 4.37 4.09 4.69 2.64 5.00

Platform Predicted Match Values for Elicited per consumer4.39 0.37 4.42 4.13 4.68 2.81 5.00

Table 5: Summary Statistics on Consumption and Beliefs

Notes: This table provides summary statistics during the experimental intervention. The �rst four rows present
summary statistics on good consumption. The �rst two rows display consumption using the movie diary: the �rst
row presents consumption of any goods, whereas the second row presents consumption of goods targeted for the
experimental intervention that occurred during the intervention. For this measure, we restrict to consumers with at
least one entry in the movie diary. The next two rows display the same summary statistics, except using the robust
ratings measure instead of the movie diary. The �fth row displays the number of completed belief elicitation surveys
per consumer for consumers who completed at least one survey. The sixth row displays the number of unique
platform visit days per consumer. The seventh and eighth rows display realised match value (rating) across all of
the data (row 7) and across consumers (row 8). The ninth and tenth rows display expected match value across all
of the data (row 9) and across consumers (row 10). The eleventh and twelfth rows display the reported uncertainty
regarding the match values for all goods in the experimental intervention across all of the data (row 11) and across
consumers (row 12). The thirteenth and fourteenth rows display the platform's predicted match values for all goods
in the experimental intervention across all of the data (row 13) and across consumers (row 14). The �fteenth and
sixteenth rows display the platform's predicted match values for the goods that appeared in the belief elicitation
survey across all of the data (row 15) and across consumers (row 16).

We conclude the validation section by presenting summary statistics about the belief data and the

experiment in Table 5. Table 5 highlights di�erences between realised and expected match values,

uncertainty measures, and the platform's predicted match values for the full set of goods in the

experimental intervention versus the goods that appear in elicitations and recommendations.
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Appendix B. Heterogeneous E�ects

In this appendix, we explore heterogeneity in the e�ects of recommendations. We consider two

dimensions of heterogeneity: di�erences in belief updating according to baseline beliefs and dif-

ferences in consumption according to baseline consumption levels.

(a) Uncertainty (b) Expected Match Value

Figure 3: E�ect of Recommendations on Beliefs: Heterogeneous E�ect by Uncertainty

Notes: The �gure estimates the average treatment e�ect of recommendations on beliefs relative to forced consid-
eration, conditional on prior uncertainty, by estimating Equation 3. Panel (a) exhibits the estimated treatment e�ect
of recommendations (relative to forced consideration) on uncertainty, whereas Panel (b) displays the treatment ef-
fect on the distance between the consumer's expected match value and the platform's predicted match value, both
conditional on reported prior uncertainty. Lines represent 95% con�dence intervals with clustered standard errors
at the consumer level. The change is taken over the course of the experiment, comparing the �rst and last beliefs
reported for each consumeri and goodx.

Prior Beliefs. To better understand heterogeneity by prior beliefs, we assess whether consumers

di�erentially update their beliefs based on baseline uncertainty levels. To do so, we re-estimate

Equation 3:

yi ,x,t Æ¯ 0 Å ¯ 1r i ,x Å ² i ,x

again, where we consideryi ,x,t Æ¢ ¾b
i ,x andyi ,x,t Æ¢ jvp

i ,x¡ vb
i ,xj. Di�erent from before, we estimate

this speci�cationconditional on prior beliefs, that is, separately for each level of prior uncertainty.

The results are presented in Figure 3: Panel (a) shows the change in uncertainty (¢ ¾b
i ,x) and Panel

(b) shows the change in the expected match value gap (¢ jvp
i ,x ¡ vb

i ,xj). Figure 3(a) shows that the

information provided by recommendation is largely driven by initially high prior uncertainty and

that there is little change in uncertainty for elicitations with initially low uncertainty levels. This

is consistent with our theoretical framework and intuitively plausible, as there is more scope for
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recommendations to provide informational value when initial uncertainty is higher. In line with

this, Figure 3(b) indicates that the expected match value gap is brought closer to the platform's

predicted value when prior uncertainty is higher, although the estimates are less precise.

Consumer Experience. A related dimension of heterogeneity is consumers' prior experience.

Our working hypothesis is that consumers who have explored a signi�cant portion of the prod-

uct space hold more precise beliefs about match values. Indeed, we �nd a negative association

between prior uncertainty and consumer experience (see Column (3) of Table 4). Consequently,

the informational gain from recommendations may be lower for more experienced consumers.

We proxy consumer experience using log past consumption, speci�cally the number of movies

rated prior to the experimental intervention.

Dependent variable:

Consumption (Robust Rating)

(1) (2)

Consideration 0.0004¤¤

(0.0002)

Recommendation 0.011¤¤¤ 0.048¤¤

(0.003) (0.019)

Recommendation£ Log(User Ratings) ¡ 0.001¤¤ ¡ 0.005¤

(0.0005) (0.003)

Log(User Ratings) ¡ 0.0002 ¡ 0.001
(0.0003) (0.001)

Constant 0.006¤¤ 0.018¤¤

(0.002) (0.007)

Consumer FE No No
Observations 1,029,601 20,742

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 6: Heterogeneous E�ects of Recommendation by Consumption Experience

Notes: This table tests whether recommendations a�ect consumption di�erently depending on consumers' past
experience with movies, as proxied by the log of the number of movies rated at the outset of the experimental
intervention. We estimate Equation 1 expanded to include log past consumption and its interaction with whether a
good was in the recommendation treatment for a particular consumer. Each column displays the baseline control and
the estimated treatment e�ect of consideration and recommendation on consumption for the ITT and ATT empirical
speci�cations, as discussed in Section 4. Standard errors are clustered at the consumer level.

To assess whether past consumption experience mediates how recommendations a�ect consump-

tion, we interact the recommendation term in speci�cation Equation 1 with our measure of con-

sumer experience. The results, presented in Table 6, indicate a negative heterogeneous e�ect:
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recommendations have less e�ect on consumption for more experienced consumers, with recom-

mendations having approximately 30% less impact for consumers who had watched 500 movies

at the outset of the experiment compared to those who had watched only 100.

In short, recommendations have less sway over consumption for consumers who are more ex-

perienced, and thus better informed. These �ndings are consistent with a decreasing marginal

value of information and support the predominance of an informational channel in the e�ect of

recommendations on consumption in our setting.
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Online Appendix.

Online Appendix A. Omitted Tables and Robustness Exercises

A.1. Causal E�ect of Recommendation on Consumption (Robustness)

Dependent variable:

Consumption (Robust Rating)
ITT ATT

(1) (2)

Consideration 0.0003¤¤

(0.0002)

Recommendation 0.005¤¤¤ 0.015¤¤¤

(0.0005) (0.003)

Constant 0.005¤¤¤ 0.012¤¤¤

(0.0003) (0.001)

Consumer FE No No
Observations 1,086,523 21,235

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 7: The Causal E�ect of Recommendation on Consumption (Robust Ratings)

Notes: This table tests Hypothesis 1 (the causal e�ect of recommendation and consideration on consumption) by
estimating Equation 1. Each observation corresponds to a pair (consumeri , goodx), and consumption is de�ned
according to the robust rating measure. Column (1) reports Intent-to-Treat (ITT) estimates and Column (2) reports
Average Treatment E�ect on the Treated (ATT) estimates for the e�ect of recommendation on consumption. We
remove any goods that were marked as consumed before the consumer enrolled in the experiment. Standard errors
are clustered at the consumer level.
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A.2. Beliefs Cause Consumption (Robustness)

Dependent variable:

Consumption (Robust Rating)

(1) (2) (3)

Uncertainty ¡ 0.138¤¤ ¡ 0.137¤¤

(0.063) (0.069)

Exp. Match Value 0.070¤¤¤ 0.094¤¤¤

(0.021) (0.035)

Constant 0.487¤¤ ¡ 0.193¤¤¤ 0.200
(0.213) (0.062) (0.213)

Weak Instruments (Uncertainty) 7.57 - 3.13
(p-value; df.) (0.006; (1, 21233)) - (0.025; (3, 21231))
Weak Instruments (Exp. Match Value) - 53.18 18.63
(p-value; df.) - (0.000; (1, 21233)) (0.000; (3, 21231))
Wu-Hausman 10.35 10.21 10.14
(p-value; df.) (0.001; (1, 21232)) (0.001; (1, 21232)) (0.000; (2, 21230))
Sargan - - 0.00
(p-value; df.) - - (0.951; 1)
Observations 21,235 21,235 21,235

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 8: Beliefs Cause Consumption (Hypothesis 2): 1st Elicitation

Notes: This table tests Hypothesis 2 by estimating the causal e�ect of a good's expected match value and uncertainty
on whether it is consumed, as per Equation 2. It di�ers from Table 2 by considering the �rst instead of the last belief
elicitation for a given consumer and good. The instruments are as described in Section 5.1; Weak Instruments, Wu-
Hausman, and Sargan correspond to tests regarding weak instruments, endogeneity, and validity of over-identifying
restrictions. OLS estimates are provided in Table 9. Standard errors are clustered at the consumer level.
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Dependent variable:

Consumption (Robust Rating)

(1) (2) (3)

Uncertainty ¡ 0.007¤¤¤ ¡ 0.006¤¤¤

(0.001) (0.001)

Exp. Match Value 0.010¤¤¤ 0.008¤¤¤

(0.001) (0.001)

Constant 0.042¤¤¤ ¡ 0.012¤¤¤ 0.013¤¤¤

(0.004) (0.004) (0.004)

Consumer FE No No No
Observations 21,235 21,235 21,235

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 9: Correlation Between Beliefs and Consumption (Robust Rating): 1st Elicitation

Notes: This table estimates the correlation between a good's expected match value and uncertainty and its consump-
tion probability, as per Equation 2. It di�ers from Table 10 by considering the �rst instead of the last belief elicitation
for a given consumer and good. Unlike Table 8, the estimates do not have a causal interpretation. Standard errors
are clustered at the consumer level.

Dependent variable:

Consumption (Robust Rating)

(1) (2) (3)

Uncertainty ¡ 0.008¤¤¤ ¡ 0.007¤¤¤

(0.001) (0.001)

Exp. Match Value 0.011¤¤¤ 0.010¤¤¤

(0.001) (0.001)

Constant 0.043¤¤¤ ¡ 0.015¤¤¤ 0.011¤¤

(0.004) (0.003) (0.004)

Consumer FE No No No
Observations 21,235 21,235 21,235

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 10: Correlation Between Beliefs and Consumption (Robust Rating)

Notes: This table estimates the correlation between a good's expected match value and uncertainty and its con-
sumption probability (using the robust rating measure), as per Equation 2. It considers only the last belief elicitation
for a given consumer and good. Unlike Table 2, the estimates do not have a causal interpretation. Standard errors
are clustered at the consumer level.
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A.3. Beliefs Cause Consumption (Movie Diary Robustness)

Dependent variable:

Consumption (Movie Diary)

(1) (2) (3)

Uncertainty ¡ 0.026¤¤ ¡ 0.023¤

(0.013) (0.013)

Exp. Match Value 0.013¤¤ 0.017¤¤

(0.006) (0.007)

Constant 0.089¤¤ ¡ 0.039¤¤ 0.030
(0.044) (0.018) (0.042)

Weak Instruments (Uncertainty) 10.91 - 4.25
(p-value; df.) (0.001; (1, 21281)) - (0.005; (3, 21279))
Weak Instruments (Exp. Match Value) - 53.81 19.39
(p-value; df.) - (0.000; (1, 21281)) (0.000; (3, 21279))
Wu-Hausman 6.03 4.43 4.78
(p-value; df.) (0.014; (1, 21280)) (0.035; (1, 21280)) (0.008; (2, 21278))
Sargan - - 0.20
(p-value; df.) - - (0.658; 1)
Observations 21,283 21,283 21,283

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 11: Beliefs Cause Consumption (Movie Diary)

Notes: This table tests Hypothesis 2 � the causal e�ect of a good's expected match value and uncertainty on whether
it is consumed (using the movie diary measure) � by estimating Equation 2. The covariates are uncertainty and
expected match value, using the last belief elicitation for a (consumeri , goodx). We use the instruments described
in Section 5.1 � whether the elicitation occurred before or after a recommendation and the opt-in date of the consumer
to the intervention. Weak Instruments, Wu-Hausman, and Sargan correspond to tests regarding weak instruments,
endogeneity, and validity of over-identifying restrictions. It di�ers from Table 2 by using the movie diary measure
of consumption instead of robust ratings. Standard errors are clustered at the consumer level.
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Dependent variable:

Consumption (Movie Diary)

(1) (2) (3)

Uncertainty ¡ 0.031¤ ¡ 0.031¤

(0.017) (0.018)

Exp. Match Value 0.014¤¤ 0.019¤¤

(0.006) (0.009)

Constant 0.109¤ ¡ 0.040¤¤ 0.051
(0.058) (0.018) (0.056)

Weak Instruments (Uncertainty) 7.34 - 3.02
(p-value; df.) (0.007; (1, 21281)) - (0.029; (3, 21279))
Weak Instruments (Exp. Match Value) - 52.13 18.29
(p-value; df.) - (0.000; (1, 21281)) (0.000; (3, 21279))
Wu-Hausman 6.05 4.47 4.99
(p-value; df.) (0.014; (1, 21280)) (0.034; (1, 21280)) (0.007; (2, 21278))
Sargan - - 0.03
(p-value; df.) - - (0.865; 1)
Observations 21,283 21,283 21,283

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 12: Beliefs Cause Consumption (Movie Diary): 1st Elicitation

Notes: This table tests Hypothesis 2 � the causal e�ect of a good's expected match value and uncertainty on whether
it is consumed (using the movie diary measure) � by estimating Equation 2. The covariates are uncertainty and
expected match value, using the �rst belief elicitation for a (consumeri , goodx). We use the instruments described
in Section 5.1 � whether the elicitation occurred before or after a recommendation and the opt-in date of the consumer
to the intervention. Weak Instruments, Wu-Hausman, and Sargan correspond to tests regarding weak instruments,
endogeneity, and validity of over-identifying restrictions. It di�ers from Table 2 by using the movie diary measure of
consumption instead of robust ratings and from Table 11 by considering the �rst, instead of the last, belief elicitation.
Standard errors are clustered at the consumer level.
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A.4. Robustness using Standardised Beliefs

A possible concern is that a �ve-star rating has a di�erent interpretation across consumers. This

is a canonical issue for interpreting ratings data that predates recommender systems' extensive

use of such data (e.g., see Greenleaf, 1992). We examine whether this a�ects our conclusions

regarding the link between recommendations and beliefs. To this end, we construct consumer-

speci�c, normalised measures of uncertainty and expected match value. For each consumer, we

subtract the consumer-speci�c mean at the �rst elicitation from the elicited measure (uncertainty

or expected match value) and divide by the consumer-speci�c standard deviation. We then re-

estimate Equation 3 using standardised beliefs. We report the results in Table 13 and Table 14

(which includes consumer �xed e�ects). This yields no change in our conclusions regarding

magnitudes or statistical and economic signi�cance.
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Dependent variable:

¢ Uncertainty
¢ User-Platform

Exp. Match Value Gap

(1) (2)

Recommendation ¡ 0.063¤¤¤ ¡ 0.014¤¤

(0.013) (0.007)

Constant ¡ 0.056¤¤¤ 0.003
(0.008) (0.004)

Consumer FE No No
Observations 20,704 20,704

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 13: Causal E�ect of Recommendation on Beliefs (Hypothesis 3) � Standardised Beliefs

Notes: Columns (1) and (2) test Hypothesis 3(i) � the causal e�ect of recommendation on uncertainty � and Hy-
pothesis 3(ii) � the causal e�ect of recommendation on the shift in expected match value toward that provided by
the platform's predictions, respectively. The dependent variables are uncertaintyyi ,x Æ¢ ¾b

i ,x for Column 1 and
the change in the absolute di�erence between the consumer's expected value and the platform's predicted value,
yi ,x Æ¢ jvb

i ,x ¡ vp
i ,xj for Column 2. In order to measure the dependent variable, we compute the di�erence between

the �rst and last beliefs reported for each consumeri and goodx. We estimate Equation 3 for each dependent variable
separately. It di�ers from Table 3 by using standardised beliefs, subtracting from the elicited measure (uncertainty
or expected match value) the consumer-speci�c mean at the �rst elicitation and dividing by the consumer-speci�c
standard deviation. Standard errors are clustered at the consumer level.

Dependent variable:

¢ Uncertainty
¢ User-Platform

Exp. Match Value Gap

(1) (2)

Recommendation ¡ 0.058¤¤¤ ¡ 0.025¤¤

(0.015) (0.011)

Consumer FE Yes Yes
Observations 20,704 20,704

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 14: Causal E�ect of Recommendation on Beliefs � Standardised Beliefs; Consumer FE

Notes: Columns (1) and (2) test Hypothesis 3(i) � the causal e�ect of recommendation on uncertainty � and Hy-
pothesis 3(ii) � the causal e�ect of recommendation on the shift in expected match value toward that provided by
the platform's predictions, respectively. The dependent variables are uncertaintyyi ,x Æ¢ ¾b

i ,x for Column 1 and
the change in the absolute di�erence between the consumer's expected value and the platform's predicted value,
yi ,x Æ¢ jvb

i ,x ¡ vp
i ,xj for Column 2. In order to measure the dependent variable, we compute the di�erence between

the �rst and last beliefs reported for each consumeri and goodx. We estimate Equation 3 for each dependent variable
separately. It di�ers from Table 3 by using standardised beliefs, subtracting from the elicited measure (uncertainty
or expected match value) the consumer-speci�c mean at the �rst elicitation and dividing by the consumer-speci�c
standard deviation, and from Table 13 only in that it includes consumer �xed e�ects. Standard errors are clustered
at the consumer level.
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A.5. Tables with Consumer Fixed E�ects

Dependent variable:

Consumption (Movie Diary)
ITT ATT

(1) (2)

Consideration ¡ 0.0003
(0.0003)

Recommendation 0.0010¤¤¤ 0.0054¤¤¤

(0.0003) (0.0017)

Consumer FE Yes Yes
Observations 177,750 8,139

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 15: Causal E�ect of Recommendation on Consumption (Hypothesis 1): Consumer Fixed
E�ects, Movie Diary

Notes: This table tests Hypothesis 1 (the causal e�ect of recommendation and consideration on consumption) by
estimating Equation 1. Each observation corresponds to a pair (consumeri , goodx), and consumption is de�ned
according to the movie diary measure. Column (1) reports Intent-to-Treat (ITT) estimates and Column (2) reports
Average Treatment E�ect on the Treated (ATT) estimates for the e�ect of recommendation on consumption. It di�ers
from Table 1 only in that it includes consumer �xed e�ects. Standard errors are clustered at the consumer level.

Dependent variable:

Consumption (Robust Rating)
ITT ATT

(1) (2)

Consideration 0.0003¤¤

(0.0002)

Recommendation 0.005¤¤¤ 0.014¤¤¤

(0.0005) (0.003)

Consumer FE Yes Yes
Observations 1,086,523 21,235

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 16: Causal E�ect of Recommendation on Consumption (Hypothesis 1): Consumer Fixed
E�ects, Robust Rating

Notes: This table tests Hypothesis 1 (the causal e�ect of recommendation and consideration on consumption) by
estimating Equation 1. Each observation corresponds to a pair (consumeri , goodx), and consumption is de�ned
according to the robust rating measure. Column (1) reports Intent-to-Treat (ITT) estimates and Column (2) reports
Average Treatment E�ect on the Treated (ATT) estimates for the e�ect of recommendation on consumption. It di�ers
from Table 7 only in that it includes consumer �xed e�ects. Standard errors are clustered at the consumer level.
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Dependent variable:

¢ Uncertainty
¢ User-Platform

Exp. Match Value Gap

(1) (2)

Recommendation ¡ 0.055¤¤¤ ¡ 0.015¤¤

(0.013) (0.007)

Consumer FE Yes Yes
Observations 21,283 21,283

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 17: Causal E�ect of Recommendation on Beliefs (Hypothesis 3): Consumer Fixed E�ects

Notes: Columns (1) and (2) test Hypothesis 3(i) and 3(ii), respectively, by estimating the e�ect of recommendations
on the change in uncertainty¢ ¾b

i ,x and on the change in the absolute di�erence between the consumer's expected

value and the platform's predicted value,¢ jvb
i ,x ¡ vp

i ,xj, as per Equation 3. The change is taken over the course of the
experiment, comparing the �rst and last beliefs reported for each consumeri and goodx. It di�ers from Table 3 only
in that it includes consumer �xed e�ects. Standard errors are clustered at the consumer level.

Dependent variable:

Consumption (Robust Rating)

(1) (2)

Consideration 0.0004¤¤

(0.0002)

Recommendation 0.011¤¤¤ 0.045¤¤

(0.003) (0.018)

Recommendation£ Log(User Ratings) ¡ 0.001¤¤ ¡ 0.005¤

(0.0005) (0.003)

Consumer FE Yes Yes
Observations 1,029,601 20,742

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 18: Heterogeneous E�ects of Recommendation by Consumption Experience: Consumer
Fixed E�ects

Notes: This table tests whether recommendations a�ect consumption di�erently depending on consumers' past
experience with movies, as proxied by the log of the number of movies rated at the outset of the experimental
intervention. We estimate Equation 1 expanded to include log past consumption and its interaction with whether
a good was in the recommendation treatment for a particular consumer. Each column displays the baseline control
and the estimated treatment e�ect of consideration and recommendation on consumption for the ITT and ATT
empirical speci�cations, as discussed in Section 4. It di�ers from Table 6 only in that it includes consumer �xed
e�ects. Standard errors are clustered at the consumer level.
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Online Appendix B. Recommendation and Information Acquisition

In this section, we provide additional analysis to better understand the informational impact of

recommendations. We consider two channels through which recommendations provide infor-

mation: signalling consumer-speci�c quality (via the fact that a movie is recommended and the

platform's predicted rating) and reducing information acquisition costs. We provide additional

analysis that further unpacks the relative roles of these two channels.

Dependent variable:

Information Acquisition
ITT ITT ATT ATT

(1) (2) (3) (4)

Consideration ¡ 0.0001 ¡ 0.0001
(0.0002) (0.0002)

Recommendation 0.008¤¤¤ 0.008¤¤¤ 0.066¤¤¤ 0.063¤¤¤

(0.001) (0.001) (0.007) (0.007)

Constant 0.005¤¤¤ 0.015¤¤¤

(0.001) (0.003)

Consumer FE No Yes No Yes
Observations 1,088,250 1,088,250 21,283 21,283

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 19: Causal E�ect on Information Acquisition

Notes: This table tests whether recommendation causes information acquisition by estimating Equation 1. Each
observation corresponds to a pair (consumeri , goodx), and information acquisition is de�ned as whether consumer
i visits the details page for goodx at any point during the intervention. Columns (1) and (2) report Intent-to-Treat
(ITT) estimates and Columns (3) and (4) report Average Treatment E�ect on the Treated (ATT) estimates for the
e�ect of recommendation on information acquisition. Columns (2) and (4) include consumer �xed e�ects, while
Columns (1) and (3) do not. Standard errors are clustered at the consumer level.

First, we use click and search data on MovieLens to measure the causal e�ect of recommendation

on the probability that a consumer acquires additional information about a good on the plat-

form.27 We de�ne information acquisition as visiting the movie details page (see Figure 5), which

27Consumers can also provide ratings on the details page. To ensure that we capture information acquisition�rather
than rating behaviour�we de�ne a details page visit as information acquisition only if it occurs more than 30
minutes before a rating is provided.
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consumers can access either by clicking the movie poster on the homepage or by searching for the

good. We estimate the ITT and ATT speci�cations for the causal e�ect on consumption (Equa-

tion 1) using information acquisition as the dependent variable and present this analysis in Table

19. The results indicate that recommended goods experience a 0.8 percentage point increase in

visits to the details page relative to control (ITT) and a 6.6 percentage point increase relative to

forced consideration alone (ATT). Furthermore, we estimate a precise null e�ect of forced con-

sideration on additional information acquisition, indicating that part of the informational e�ect

operates through reduced information acquisition costs, which increases information acquisition

primarily in the recommendation group.

¢ Uncertainty ¢ User-Platform Exp. Match Value Gap

(1) (2) (3) (4)

Info Acquisition ¡ 0.451¤¤¤ ¡ 0.437¤¤¤ ¡ 0.027 ¡ 0.021
(0.053) (0.053) (0.023) (0.024)

Recommendation ¡ 0.035¤¤¤ ¡ 0.013¤

(0.013) (0.007)

Constant ¡ 0.058¤¤¤ ¡ 0.048¤¤¤ 0.0003 0.004
(0.008) (0.007) (0.004) (0.004)

Consumer FE No Yes No Yes
Observations 21,283 21,283 21,283 21,283

Note: ¤pÇ0.1;¤¤ pÇ0.05;¤¤¤ pÇ0.01

Table 20: Causal E�ect of Recommendation on Beliefs (Hypothesis 3) � Controlling for Informa-
tion Acquisition

Notes: Columns (1)-(2) and (3)-(4) test Hypothesis 3(i) � the causal e�ect of recommendation on uncertainty � and
Hypothesis 3(ii) � the causal e�ect of recommendation on the shift in expected match value toward that provided
by the platform's predictions, respectively. The dependent variables are uncertaintyyi ,x Æ¢ ¾b

i ,x for Columns (1)-(2)
and the change in the absolute di�erence between the consumer's expected value and the platform's predicted value,
yi ,x Æ¢ jvb

i ,x ¡ vp
i ,xj for Columns (3)-(4). To construct the dependent variable, we compute the di�erence between the

�rst and last beliefs reported for each consumeri and goodx. We estimate Equation 3 for each dependent variable
separately. It di�ers from Table 3 by controlling for whether consumeri acquired information about goodx. Standard
errors are clustered at the consumer level.

Are all informational gains driven by information acquisition, or are there gains from direct in-

ference? While we cannot causally decompose the relative importance of the quality signal and

the information gained from explicit information acquisition, we replicate our main speci�cation

38



for the causal e�ect of recommendation on beliefs (Equation 3) while additionally controlling for

whether the consumer acquired information about the movie. The results are reported in Ta-

ble 20. First, information acquisition induces an economically large and statistically signi�cant

reduction in uncertainty, but, importantly, there remains an economically and statistically signif-

icant residual e�ect of recommendation. Second, information acquisition has little e�ect on the

distance between the platform's predicted match value and the consumer's expected match value,

while the coe�cient on recommendation remains marginally statistically signi�cant. These re-

sults provide evidence for the presence of both informational channels: consumer-speci�c quality

signals and reduced information acquisition costs due to recommendation.

Online Appendix C. Background on Recommendation Platform

MovieLens is a movie-recommendation platform created in 1997. It is used by consumers to obtain

information about movies as well as personalised movie recommendations based on their ratings.

The platform has been widely used, and its movie ratings data are a central benchmark in the

recommender system community for the evaluation of new recommender system algorithms.28

The platform's home page displays movies organised by categories in rows, with the very �rst

one showing eight �top picks�, the platform's top recommended movies for the user. Movies are

set in a grid fashion, with their poster, title, and the platform-predicted rating for the user. The

platform-predicted ratings are personalised to each user and obtained through a sophisticated

collaborative �ltering algorithm combining the user's and others' past ratings, reviews, and other

metadata (Harper and Konstan, 2015). Screenshots of the platform's interface are included at

the end of this section. When hovering over a movie title, users see its genres, their platform-

predicted rating, and the average and number of community ratings. Subsequent rows correspond

to recent releases, and other categories of potential interest (e.g., �favorites from the past year�

or �new additions�).

Consumers use the platform to �nd movies to watch and to rate the movies after watching. Click-

ing on a movie's page provides access to detailed information about the movie, including its

trailer, synopsis, cast, associated tags (Vig et al., 2012), and similar movies. It does not provide

consumption opportunities, as it does not host movies to stream nor does it direct users to other

platforms. This allows us to study consideration e�ects of recommendations separately from

search costs, since recommendations do not a�ect potential frictions in �nding or accessing a

particular target consumption good. Furthermore, the platform is free to use and noncommercial,

28For instance, the search expression �MovieLens dataset� or �MovieLens data� returns over 9,000 entries on Google
Scholar, whereas �Net�ix dataset� or �Net�ix data� � which includes both proprietary data and the well-known
public access Net�ix Prize competition (Bennett and Lanning, 2007) � returns less than half the number of entries.
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and it is incentive-compatible for users to truthfully report their ratings, as truthful information

improves the platform's recommendation quality.

The recommendation system used by the platform is of high quality and ideal from both a user's

and a researcher's perspective for several reasons. First, its open-source ratings data are exten-

sively used to develop and evaluate high-quality recommendation algorithms, which ultimately

support the quality of the recommendation algorithms MovieLens deploys. Second, the set of al-

gorithms used is transparent, as these are open source and constitute canonical implementations

of widely used item-item or singular-value-decomposition collaborative �ltering algorithms (see

Ekstrand et al., 2011). Finally, MovieLens operates as a noncommercial platform, aligning its rec-

ommendation focus with user satisfaction rather than platform pro�tability. This user-centric

approach alleviates concerns about potential biases in user perception of recommendations and

makes it incentive-compatible for users to report their ratings.

(a) Platform Homepage (b) Movie Card

Figure 4: MovieLens Home Page

Notes: This presents the default interface on the platform. Panel (a) shows the homepage of the platform which has
8 movies per row. The �rst row is always the `top picks' which are the personalized recommendations provided to
consumers by the platform. The subsequent rows include thematic rows (e.g., recent releases) that are typically not
considered product recommendations. On the homepage, consumers can hover over a given movie which presents
the details presented in Panel (b) � genre, release date, and platform's personalized predicted rating.
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Figure 5: Movie Details Page

Notes: This �gure provides an example of a movie details page on the platform. Consumers can access it by explicitly
clicking through the movie card on the homepage or by discovering it through the search bar. The details page
includes the genre, synopsis, the ability to watch the trailer, a large set of community tags (Vig et al., 2012), similar
movies, and other information about the movie.
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