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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 recommendation systems.
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1. Introduction
Recommendation systems (RS) are nearly ubiquitous in the digital economy. These are systems
that combine data from multiple consumers and sources to produce often personalised informa-
tion in the form of consumer-speci�c recommendations (Resnick and Varian, 1997). They have a
wide set of applications: from e-commerce (Dinerstein et al., 2018) and labour markets (Horton,
2017), to curation feeds on social media platforms (Levy, 2021), to cultural goods on media stream-
ing platforms (Holtz et al., 2020), and to the articles served 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, their purportedly large in�uence has spawned a de-
bate about their welfare implications as well as precisely what these systems ought to optimise
for in order to best assist consumers (McNee et al., 2006; Kleinberg et al., 2023). The key question
underlying this debate is how they in�uence consumption choices.

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-subjects design that allows us to separately measure
the e�ect of these mechanisms on consumption. We �nd that, while the consideration chan-
nel plays a meaningful role in increasing consumption, 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, which
is complicated by the fact that recommendations are targeted to consumers and so the experi-
mental design needs to account for this selection while still providing high quality recommen-
dations. A typical experimental design within this literature compares consumption between a
group of consumers who receive recommendations from the recommender system algorithm and
another who receive recommendations from reasonable alternative algorithms (Holtz et al., 2020;
Korganbekova and Zuber, 2023). While this design works well for assessing the e�ect of the rec-
ommendation system, it leads to a systematic bias when measuring the e�ect of recommendation
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as an RS should, by design, result in a treatment group with systematically higher idiosyncratic
quality. Our experimental design exploits a unique aspect of our data to isolate the role of rec-
ommendation as we observe the intermediate outputs of the RS 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 ex-ante idiosyncratic quality according to the RS estimates.

The second challenge is that consumer beliefs are typically unobserved and that recommenda-
tions simultaneously make consumers consider goods and provide information about good 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 assess-
ments. 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 byproduct of this
elicitation is that it makes consumers consider the good, without providing the informational con-
tent of recommendation.1 We exploit the variation induced from this survey to include a third
consideration-only group of goods for each consumer, which only show up 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
consumption due to recommendation and quantify its informational gains.2

Our experiment is conducted on a movie-recommendation platform, MovieLens, which has ex-
isted since 1997. MovieLens is noncommercial and devoted to producing helpful recommenda-
tions (it does not host movies) and features open-sourced data and algorithm implementation.
Its data constitute a central benchmark in the recommender system community for the devel-
opment 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 algo-
rithm (Harper and Konstan, 2015) to produce user-speci�c predicted ratings for unrated movies.
These predictions are displayed to users in the �rst row of the platform homepage and are used to
tailor the platform’s user-speci�c recommendations (“top picks”). As such, the recommendations
1As with much of the literature on consideration sets – e.g., Masatlioglu et al. (2012) and Manzini and Mariotti (2014)
– we do not distinguish between unawareness of some alternatives or working memory costs or limitations that
require consumers to focus on a particular subset of the available goods.

2Throughout the paper we are agnostic to whether the informational gains come from direct inferences that con-
sumers make as a result of being recommended an item and indirect information accrued by the fact that recom-
mendations reduce information acquisition costs.

3Two examples in economics are Chen et al. (2010) and Rossi (2021). 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.
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are personalised and considered high-quality. We maintain the high quality of recommendations
during our intervention by including only the top 750 goods for each consumer as determined by
the RS estimate.4

Our �rst main �nding is that both consideration and recommendation induce a signi�cant in-
crease in consumption. Under our preferred speci�cation, we �nd that consideration alone leads
to a 0.2 percentage point (p.p.) increase in consumption relative to a baseline of 1.0 p.p. consump-
tion of goods in the control group. In contrast, recommendation leads to a 1.3 p.p. increase in
consumption relative to the consideration group, indicating that recommendation nearly doubles
the probability of consumption relative to consideration alone.

Our second set of �ndings indicates that the larger increase in consumption from recommenda-
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. Realising that
such variation constitutes randomised information provision (Haaland et al., 2023) is the basis
of our identi�cation strategy, relying on an instrumental-variable approach. 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 8.2 and 12.6 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 expected
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 beliefs account
for much of the observed increase in consumption. Additionally, less experienced consumers –
those with shorter consumption histories – are more uncertain in their assessments and experi-
ence a larger causal increase in consumption from recommendations. This demonstrates that the
informational role of recommendations operates as a function of the experience the consumer
has, with newer consumers bene�ting the most.

These results have important implications for understanding the welfare consequences of online
recommendations. Speci�cally, they imply that recommendations do more than manipulate con-
sideration sets: they provide consumer-speci�c match value information in markets with expe-
rience goods. This suggests that, so long as the information provision from the recommendation
4The 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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system is unbiased,5 recommendations improve consumer welfare largely through making them
more informed about their match values, and not through expanding consideration sets. This
suggests that the increasing trend of online platforms to introduce bias into their recommenda-
tion systems by steering consumers to more pro�table goods can mainly hurt consumer welfare
to the extent that it erodes information provision (Armstrong et al., 2009; Hagiu and Jullien, 2011;
Calvano et al., 2022).

Understanding the economic mechanisms through which recommendations in�uence choice is
crucial not only for assessing their welfare implications but also for guiding the design of rec-
ommendation systems aimed at maximising consumer welfare. While the idea that recommen-
dations primarily function as information provision is economically intuitive, it contrasts with
a dominant 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 con-
sidered goods, as emphasised by the serendipity evaluation criterion (Kotkov et al., 2016), are
more e�ective at driving consumption and delivering what are often perceived as “better” rec-
ommendations. Moreover, our �ndings validate the importance of collecting economically moti-
vated belief data, beyond traditional consumption data, as a tool for online platforms to directly
measure and optimise for the informativeness of recommendations.6

1.1. Related Literature

This paper contributes to a burgeoning literature on recommender systems and the impact of
recommendations.

The Impact of Recommendation on Consumption. Recent literature has examined whether
recommendation systems impact consumption patterns. Senecal and Nantel (2004), Das et al.
(2007), Freyne et al. (2009), Zhou et al. (2010), Claussen et al. (2023), Holtz et al. (2020), and Don-
nelly et al. (2024) show that recommendation systems increased consumption in hypothetical
choices in a lab experiment, Google News, a social network, a news website, YouTube, Spotify, and
Wayfair respectively. These papers collectively provide evidence that personalised recommenda-
tions, relative to a non-personalised benchmark, meaningfully increase consumption. There has
subsequently been a signi�cant amount of work measuring the aggregate e�ects of recommenda-
tion systems on the types of goods that get consumed (Fleder and Hosanagar, 2009; Nguyen et al.,
5As is the case in our context since the platform is noncommercial.
6In a companion paper, we provide a scalable procedure for collecting such data, enabling their integration into
platform recommender systems (Aridor et al., 2024).
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2014; Brynjolfsson et al., 2011; Hosanagar et al., 2013; Lee and Hosanagar, 2019; Holtz et al., 2020;
Korganbekova and Zuber, 2023) with relevant implications for market competition and product
variety, as well as the emergence of �lter bubbles and echo chambers.

Our paper di�ers from both of these streams of literature by identifying the e�ect of recommenda-

tions produced by a recommender system on consumption via good-level randomisation and by
examining the mechanisms through which recommendations operate. Existing work compares
consumption between personalised and non-personalised (i.e., popularity-based) recommenda-
tions. This experimental design is natural for assessing the impact of the recommendation al-
gorithm on behaviour, but not for isolating the role of or discerning the mechanisms for what
the recommendation itself is doing.7 Our experimental design instead focuses on isolating the
role of the recommendation itself by having a control and a consideration-only group of goods
that would have been recommended, which allows us both to discern the causal e�ect of recom-
mendation and to disentangle its mechanisms. Indeed, the beliefs data we collect allows us to
explain why recommendations may in�uence consumption – crucial for understanding its wel-
fare e�ects and for guiding design. Finally, this allows us to explore heterogeneity in the e�ects
of recommendation across consumers.

Two related papers to ours within this stream of literature 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 context. Our approach di�ers in two key ways: we directly measure infor-
mation provision by eliciting consumer beliefs, and we focus on online platforms, where mech-
anisms di�er signi�cantly 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 patterns using a large-scale �eld experiment that changes the quality of recommendations
and measures search intensity. In contrast, our work directly measures the informational gains
from recommendations and separates these gains from their e�ects on consideration, providing
a clearer understanding of their causal impact by controlling for selection rather than relying on
exogenous variation in quality.

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 metrics
7This is since a well-implemented recommender system should, by design, result in a treatment group with sys-
tematically higher idiosyncratic quality relative to the control group, which biases measurement of the e�ect of
recommendation itself.
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have been proposed to assess recommendation quality by combining predicted consumer ratings
with their past consumption history. These metrics can be categorised into two groups: those
that de�ne good recommendations as ones that expand consumers’ consideration 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 serendipity (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.

Other Marketing Tools. There is a connection between the economic mechanisms that drive
the e�ect of online recommendations and other marketing tools, such as advertising and con-
sumer reviews. We defer the full discussion of the relationship between these to Appendix C, but
broadly argue that, despite sharing common mechanisms, recommendations are generated via an
economically distinct process which leads to a relative di�erence in the importance of di�erent
mechanisms.

2. Framework and Hypotheses

2.1. Framework

This section outlines a simple theoretical framework for modelling consumption decisions in
the presence of recommendations. Throughout, we focus on the case of experience goods since
it represents a common setting in which recommendation systems are deployed and is a good
match for the environment of our experimental intervention. Our experiment will allow us to
test both assumptions and implications of the model.

Consumers. We consider a consumer i who, in each period t = 0,1, ..., makes a choice ct, con-
sisting of a good chosen from a �nite set of goods X or an outside option. We denote consumer
i’s consumption history at time t by Ci,t := {ci,` ∈ X ,` ≤ t}, and assume that consumers choose
each good at most once.

Match Value and Consumers’ Beliefs. Di�erent consumers may value the same good di�er-
ently. Each good x has an idiosyncratic match value vi,x for each consumer i, re�ecting their
subjective assessment of its idiosyncratic value. Prior to consuming a good, consumers are un-
certain about its match value. We model this by assuming (vi,x)x are jointly normally distributed,

6



with mean (vb
i,x)

x
and covariance Σi = [σb

i,x,x′], where σb
i,x,x′ ≥ 0. Upon consuming a good, con-

sumer i fully resolves uncertainty regarding its value, vi,x.

Consideration and Exposure. Consumers may not consider all goods at all times. We denote
consumer i’s consideration set at time t as Γi,t, which – following, e.g., Goeree (2008) and Masatli-
oglu et al. (2012) – we take to represent the subset of goods the consumer is considering. This
can be due to limitations in working memory or simply being unaware of all options; similarly to
existing literature,8 we do not take a stance on how the consumer’s consideration set is formed.
We focus instead on how recommendations may a�ect it.

Platforms manipulate consideration sets by prominently displaying speci�c goods and forcing
consumers to pay attention to them. We consider such manipulations as e i,x,t = 1 to denote the
situation in which the recommender system forces exposure of consumer i to good x at time t.
Forced exposure implies consideration (e i,x,t = 1 =⇒ x ∈ Γi,t), but not the converse: goods that
consumers were forcibly exposed to are a subset of the goods in their consideration set. This
mechanism is thus similar to what has been considered in examining the e�ects of advertising
(see, e.g., Goeree, 2008).

Learning and Recommendation. Recommender systems typically a�ect consumers’ informa-
tion beyond the formation of their consideration set. Since recommendations correspond to
prominently featuring a subset of goods as being of high predicted match value (“top picks for
you”), being recommended can itself signal a higher (match) value. Indeed these recommenda-
tions are driven by the recommender system’s personalised estimate of the value of each good
x for consumer i, denoted vp

i,x, which is also often displayed. We will term such signal the plat-

form’s predicted value. We model this direct information provision and denote a recommenda-
tion for good x to consumer i at time t by r i,x,t = 1 and assume that the platform discloses its
consumer-idiosyncratic predicted value vp

i,x. For simplicity, vp
i,x is modelled as a Gaussian signal

centred on vi,x.

In addition to providing direct information about the value of a good, recommendations can
have a further informational e�ect. Speci�cally, due to prominent positioning, recommendations
reduce information acquisition costs by making it easier to learn about the good’s attributes. We
consider both of these components as the informational aspect of recommendation and do not
decompose their relative importance.
8A recent literature focuses on models of consideration set formation which give rise to probabilistic consideration
of goods, e.g., Caplin et al. (2019), Cattaneo et al. (2020), and Abaluck and Adams-Prassl (2021). We do not con-
sider speci�c mechanisms through which consideration sets are re�ned, such as through shortlisting (Manzini and
Mariotti, 2014), or costly search (Honka et al., 2017).
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Choice. Consumer i evaluates match value according to an increasing and concave utility func-
tion ui : R→ R, capturing the consumer’s attitudes toward uncertainty. We assume the utility
associated with the outside option available at time t, ui,o, is distributed according to some dis-
tribution F , independently across match values and across periods, and known to the consumer
before making their choice at time t. Then, given their information at time t, consumer i at time
t chooses to maximise current expected utility, i.e., ci,t ∈ argmax

y∈Γi,t∪{o}
Ei,t[ui(vi,y)].

2.2. Hypotheses

Recommendations a�ect consumption through multiple informational channels. One important
issue is that, by recommending good x to consumer i, the platform is also exposing the consumer
to that good and therefore forcing consideration (r i,x,t = 1 =⇒ e i,x,t = 1 =⇒ x ∈Γi,t).

Our �rst hypothesis is that forcing consideration has on its own a positive impact on consump-
tion, but recommendations a�ect it further:

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

creases consumption further.

Our remaining hypotheses consider whether recommendations’ e�ect on consumption can be
partly explained by their role in directly providing information about the goods’ match value.
Underlying our theoretical framework is the assumption that recommendation a�ects consump-
tion by a�ecting consumers’ beliefs, which in turn explain consumption patterns. We decompose
our analysis in two steps.

First, we test whether beliefs are sensibly related to consumption. In particular, one would expect
that consumers are more likely to choose goods they believe have a higher expected value, vb

i,x,t :=
Ei,t[vi,x], which in our framework corresponds to utility being increasing in value. On the other
hand, if consumers are uncertainty-averse (concave utility), then, all else equal, they are more
likely to choose goods about whose match value they are less uncertain. We then have:

Hypothesis 2. Goods with higher expected match value and lower uncertainty are more likely to

be consumed.

Then, we test the e�ect of recommendations on consumers’ beliefs. In our theoretical framework,
we assumed that the recommendation of good x to consumer i at a given time provides a noisy
signal of the true match value, that is, vp

i,x = vi,x +σp
i,x ε

p
i,x, where εp

i,x ∼ N(0,1).9 This not only

9The recommendation system provides recommendations that are among the platform’s best guesses for the con-
sumer’s preferred good and as such we expect updating to mostly be in the positive direction. However, this is not
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leads to the consumer being more certain about their valuation of good x but also drives their
expected value toward the signal. We then posit the following:

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

towards the platform’s predicted match value.

3. Experimental Design
In order to study if and how recommendations impact consumption we conduct an experimental
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 good match value prior to consumption to
examine the informational mechanisms through which recommendation acts. 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. 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.10

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.11 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). 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

always the case and, for generality, we allow updating to go in either direction.
10For 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.

11Screenshots of the platform’s interface are included in the Online Appendix C.
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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,
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.

3.2. Experimental Intervention

The platform provides a natural setting to test our hypotheses. We take ratings as a measure of
realised good match value and the platform’s predicted rating as a noisy signal; we will use rating
and (match) value interchangeably. We take the platform’s ‘top picks’ category as a recommen-
dation of the speci�c goods listed there.

To understand recommendations’ informational impact, we regularly survey consumers’ beliefs.
We identify the e�ect of recommendations by inducing exogenous randomness and comparing
outcomes for recommended goods to those which would otherwise be as likely to be recom-
mended.

At the start of the experiment, consumer i’s 750 goods (not previously consumed) with the highest
platform-predicted value are split into three sets: a control set, a consideration-only set, and a
recommendation set. We only elicit beliefs about match value for goods in the consideration-only
and the recommendation sets, and we restrict recommendations to goods in the latter. We control
for consumer’s idiosyncratic tastes by employing strati�ed block randomisation: we randomly
assign the n-th, (n+1)-th, and (n+2)-th goods with the highest platform-predicted value to each
of the three sets.
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Every day that the consumer enters the platform, we elicit their beliefs about the match value
of 10 goods not previously consumed.12 After completing the survey, the consumer is taken to
the platform’s home page, in which they are presented with the set of eight recommended goods
(their “top picks”). The following procedure summarises how we choose the goods for belief
elicitation and recommendation.

Procedure 1 (Belief Elicitation and Recommendation).

Step 1. Elicit good consumption occurring since the previous visit and remove the consumed goods

from the control, consideration-only, and recommendation sets.

Step 2. For both the consideration-only and recommendation sets, select uniformly at random two out

of the top eight goods, resorted by platform-predicted value plus i.i.d. Gaussian noise.

Step 3. Elicit beliefs about the four goods selected in Step 2 in the current period, the four selected in

the previous period, and two more selected uniformly at random from the consideration-only

set.

Step 4. Recommend the top 8 goods in the recommendation set as per the sorting generated in Step 2.

The algorithm underlying the predicted rating remained the same. Recommendations are there-
fore credible, as these refer to goods with higher predicted value on average (Steps 2 and 5). As
recommended goods are of high predicted value, our sampling procedure elicits beliefs on goods
of similar predicted value in the consideration-only set (Step 3). This, together with having be-
liefs about goods being elicited in two subsequent periods (Step 4), enables us to identify how
recommendations impact beliefs. By randomly selecting two goods from the consideration-only
set to elicit beliefs on (Step 4), we learn consumers’ beliefs about goods for a broader part of the
domain.

Finally, we note that this procedure also allows us to isolate the e�ects of forced consideration.
Speci�cally, we leverage the unavoidable fact that eliciting beliefs about a good’s match value
requires exposing consumers to that good to identify the e�ect of consideration by comparing
outcomes for goods in the consideration-only set and those in the control set.13

12The survey can be deferred to the following visit to the platform. The set of platform recommendations remains
the same until the survey is completed.

13We highlight that, via our elicitation survey, our consideration manipulation unambiguously makes the consumer
aware of and actively consider the good in question, whereas on the platform consumers may overlook or ig-
nore some recommendations and thus not actively consider them (Zhao et al., 2016). Hence, our estimates likely
represent an upper bound on the e�ect of consideration.
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3.3. Measurements

In this section, we provide details on the belief data and consumption measurement.

Beliefs about Match Value. We elicit consumers’ beliefs about match value through a survey
they are asked to �ll out whenever they return to the platform. In the survey, we elicit beliefs
about the match value of 10 movies, selected according to the procedure described in Section 3.2.

For each of the 10 selected movies, the consumer was asked whether or not they had watched it.
If they had watched it, we asked for their rating – corresponding to vi,x, the idiosyncratic realised
match value – and an approximate date of when they watched it. If they had not watched it, we
elicited both their expected rating and a measure of uncertainty about their reported expectation.

The expected rating serves as a measure of expected match value, corresponding to vb
i,x,t, and is

measured on the same scale as the one used to rate movies in the platform (a 10-point Likert scale,
ranging from 0.5 to 5). Our measure of uncertainty σb

i,x,t is proxied by asking how sure partici-
pants are of their reported expected rating on a 5-point Likert scale, ranging 1-5, where higher
values are associated with higher uncertainty about the expected rating. As in our theoretical
framework, we assume that, upon consumption, consumers perfectly learn the match value of
the good, vb

i,x,t = vi,x, and there is no uncertainty, σb
i,x,t = 0. We then take the reported ratings as

part of our belief data.

The survey interface matches closely the platform’s interface for ratings, except in omitting the
predicted rating and not displaying information other than the name and movie poster.14 Unlike
on the homepage, it is not possible for the consumer to hover over or click into the details page
to acquire additional information on the good.

We assume belief data were truthfully reported. While the survey was not incentivised, con-
sumers do not have an incentive to misreport: the platform is noncommercial and helping the
platform improve its recommendation system is in the consumers’ own interest. The analysis of
the belief data provides assurance that the belief data are internally consistent and consistent with
the consumers’ behaviour on the platform. In Appendix A, we show that (i) consumers’ initial
estimate of expected match value (i.e., the �rst elicitation before any experimental intervention)
on average equals the realised match value rating they provide after consumption, and (ii) the
distance between consumers’ expected and realised match value is increasing in our uncertainty
measure. We also show that uncertainty about expected match value is decreasing (a) in con-
sumers’ experience, measured by the number of movies rated at the outset of the intervention
14See Online Appendix C for interface screenshots.
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period, (b) in the movie’s popularity, proxied by the number of community ratings, and (c) on
whether the movie is a sequel or part of a franchise; see Table 4.

Good Consumption. The platform does not o�er consumption opportunities and therefore
there is no direct observation of consumption. The most natural proxy for consumption is to
rely on ratings that consumers input on the platform to determine what is consumed and when.
Since we are concerned with treatment e�ects on consumption during our intervention, we ex-
clude ratings referring to consumption that occurred prior to the start of the intervention, as per
the report of approximate consumption date in the survey; our results are nevertheless robust to
also including consumption occurring prior to the intervention.

3.4. Recruitment and Study Implementation

In our intervention, we targeted a random sample from a subset of the platform’s users.15 We
sought to mitigate the heterogeneity of treatment e�ects across consumers arising from di�er-
ences in the quality of the recommendations. As such, we recruited users with a minimum level of
engagement, so that the recommender system algorithm used by the platform is able to produce
valuable recommendations, while avoiding power users who would constitute extreme outliers.
The speci�c criteria, laid out in Appendix B, were chosen with the platform’s experts.

The intervention lasted from 29 March 2021 to 31 October 2021. It had a phased rollout, including
a randomly selected portion of consumers from 29 March 2021 until 15 April 2021, followed by a
full rollout to all eligible consumers. The length of the study period was selected based on power
calculations and considering the possibly slow rate of consumption of movies over time. The
intervention targeted 4,572 eligible individuals, of which 1,452 decided to enroll in the study; we
conduct our analysis over these participants. During the intervention, on average consumers in
our study visited the platform on 11.67 days, watched 24.02 movies, and completed 2.84 belief
surveys.

4. The Impact of Recommendations on Consumption
In this section, we test Hypothesis 1: whether consideration induces additional consumption and
whether recommendation further in�uences consumption beyond consideration. Our baseline
speci�cation is as follows:

ci,x =β0 +β1e i,x +β2r i,x +εi,x (1)

15The use of or access to the platform is prohibited to individuals under the age of 18, as per the platform’s terms of
service.
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where ci,x = 1 if, during the intervention, consumer i reported having consumed good x (and
zero if otherwise), e i,x = 1 if good x is in consumer i’s consideration-only or recommendation
sets and zero if it is in the control set, and r i,x = 1 if x is in i’s recommendation set.

Recall that consideration occurs for consumer i through belief elicitation of good x only if x is in
the consideration-only or recommendation sets, and platform recommendation of good x occurs
only if x is in the recommendation set. Naturally, the consumer may have other recommendation
sources and, even through the platform, may be exposed to goods in either of these sets. Since
we strati�ed our randomisation by consumer-speci�c tastes, exposure and recommendation to
goods via other channels should be orthogonal to treatment assignment.

While this speci�cation enables a clear and straightforward causal estimate of the impact of con-
sideration and recommendation on consumption, it is potentially too conservative. Speci�cally,
it does not take into account the fact that some goods in the recommendation set are never ex-
plicitly recommended and some goods in the consideration-only set are never selected for belief
elicitation. In order to obtain better estimates on the treatment e�ects, we consider two additional
strategies.

First, we consider the same speci�cation (1), but we restrict the sample to goods in exposed ran-
domisation blocks. While we would like to compare the e�ect of actual consideration and actual
recommendation to the control group, realisations of consideration and recommendation are not
independent of platform-predicted match value.16 In order to resolve this issue, we take not only
goods that the consumers were actually exposed to through belief elicitation or recommendation
but also goods in their randomisation blocks. Recall that, at the outset of the intervention, goods
with the n-th, (n+1)-th, or (n+2)-th highest platform-predicted match value for consumer i are
bundled into the same block and block-randomised into the control, consideration-only, and rec-
ommendation sets. Then, if good x was recommended (r i,x = 1) to consumer i or exposed to it
through our experimental intervention (e i,x = 1), we include x in the sample, as well as the other
goods in the same block used for block-randomisation. We then estimate the same speci�cation
(1), but we obtain more precise estimates on the average treatment e�ect of consideration and
recommendation on consumption.

Second, we estimate a variation of the same speci�cation (1), but we restrict the sample to goods
that participants were actually exposed to and where they explicitly told us in the elicitation
survey that they had not consumed them before. As such, we only keep goods about which beliefs
were elicited, that is, those in the consideration-only and recommendation sets. This, together
16A design restriction, since recommendations need to remain useful and meaningful to consumers.
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Figure 1: The Impact of Recommendation on Consumption

Notes: This �gure tests whether consideration and recommendation impact consumption probability. The
estimates correspond to those speci�ed in Equation 1. Each component displays the baseline control and
the estimated average treatment e�ect of consideration and recommendation on consumption for the dif-
ferent sample speci�cations. Each observation corresponds to a pair (consumer i, good x). “Full Data”
includes all consumers i and all goods x in the consumer-speci�c control, consideration-only, and recom-
mendation sets. “Considered Blocks” includes the goods to which a consumer was exposed to through the
belief elicitation survey, and all the goods in the same consumer-speci�c randomisation block. “Consid-
ered Items” includes only goods to which a consumer was exposed through the belief elicitation survey; it
necessarily excludes goods in the control set.

with our block randomisation, guarantees that actual recommendation r i,x is orthogonal to the
good’s characteristics.

We summarise the results across these di�erent speci�cations in Figure 1, where full data, con-
sidered (randomisation) blocks, and considered items correspond to the three estimation speci-
�cations discussed above.17 Under our preferred speci�cation – restricting to considered blocks
– the baseline consumption probability of items in the control group was 1% of the goods in the
considered blocks. The e�ect of consideration alone results in a statistically signi�cant 0.2 per-
centage point increase, which is a 20% increase relative to the control, providing support for the
�rst part of Hypothesis 1. Furthermore, the e�ect of recommendation leads to an additional 1.3
percentage point increase and results in an aggregate 150% increase relative to the control group,
providing support for the second prediction of Hypothesis 1. Overall, even the magnitude of the
impact of recommendation on consumption probability is fairly consistent across the di�erent
estimation strategies.
17The regression tables for the di�erent speci�cations are presented in Table 7 in Online Appendix A.
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4.1. Persuasion Rates

Recommendations crucially depend on their credibility, on their ability to alter beliefs and, con-
sequently, behaviour. One natural way of assessing the e�ect of recommendations on behaviour
is by estimating their persuasion rates. Following DellaVigna and Gentzkow (2010), we com-
pute the persuasion rate of consideration and recommendations, respectively, pconsideration and
precommendation, as

pT := yT − ycontrol
eT − econtrol

1
1− ycontrol

, (2)

where yT ∈ [0,1] denotes the share of goods in group T ∈ {consideration,recommendation} which
were ultimately consumed and ycontrol that for the control group, while econsideration denotes
the share of goods in the consideration treatment group that were forced consideration, and
erecommendation the share of those in the recommendation group that were actually recommended.

We �nd that the persuasion rate of consideration is 10.34%, while that of recommendations is
33.34%. Furthermore, if we consider the persuasion rate of consideration absent recommendation,
that is, focusing on consideration only, the persuasion rate drastically drops to 0.73%, indicating
that the persuasion power is overwhelmingly through recommendations, and that consideration
is not a signi�cant force in driving consumption once one factors out actively recommended
items.18 We also note that persuasion rates are relatively large compared to those found in other
settings related to the persuasion of consumers (see DellaVigna and Gentzkow, 2010), in line with
the predominance of the recommendation platform’s non-strategic informational role.

5. Recommendations, Beliefs, and Consumption
The results from Section 4 support Hypothesis 1, indicating that, while consideration increases
consumption, recommendation has a signi�cantly larger e�ect. In this section, we examine
whether the large e�ect of recommendation on consumption can be rationalised by an infor-
mational mechanism. Namely, we examine the causal impact of beliefs on consumption, and
then that of recommendations on beliefs.

5.1. Beliefs Explain Consumption

We start by evaluating the extent to which the belief data explains consumption behaviour. We
test Hypothesis 2, which – in line with our theoretical framework – suggests the likelihood of
18Recall, from our earlier discussion, that we expect this to be an upper bound on the e�ect of consideration since

our intervention forces consideration of each good.
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consumption is increasing in the expected match value and decreasing in reported uncertainty.

Consumption
(1) (2) (3)

Uncertainty −0.139∗∗∗ −0.126∗∗

(0.054) (0.054)
Exp. Match Value 0.061∗∗∗ 0.082∗∗∗

(0.019) (0.029)
Constant 0.486∗∗∗ −0.168∗∗∗ 0.195

(0.181) (0.056) (0.172)

Weak Instruments: Uncertainty 10.07 4.08
[0.002] [0.007]

Weak Instruments: Exp. Match Value 55.40 20.20
[0.000] [0.000]

Wu-Hausman 15.71 8.39 11.29
[0.000] [0.004] [0.000]

Sargan 0.18
[0.672]

Observations 20,895 20,895 20,895
Clustered standard errors at the subject level in parentheses.
p-values in squared brackets.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 1: Beliefs Explain Consumption (Hypothesis 2)

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 3. It considers only the last time
beliefs about a speci�c good are elicited from a given consumer. 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 overidentifying restrictions.

We evaluate the relationship through the following regression:

ci,x =β1vb
i,x +β2σ

b
i,x +εi,x (3)

where vb
i,x and σb

i,x denote the last elicitation of consumer i’s expected match value and uncer-
tainty associated with good x.

In order to enable a causal interpretation of the relationship between beliefs and consumption, we
rely on an instrumental variables approach. We instrument expected match value and uncertainty
with two variables: (1) whether a belief elicitation occurred before or after a recommendation (à
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la Haaland et al. (2023)), exploiting the randomisation of which movies are recommended; and (2)
the user’s activity level, proxied by their study opt-in date, leveraging the phased rollout of the
experiment and the orthogonality of platform usage to preferences. We include the interaction
of both instruments when analysing both endogenous regressors.

Our results are displayed in Table 1. Columns (1) and (2) present the results of using the infor-
mation provision and enrollment instrumental variables separately for uncertainty and expected
match value, respectively. Column (3) presents the results of estimating speci�cation (3) using
both of the instrumental variables. The results are consistent across all speci�cations. Speci�-
cally, the estimates suggest that a one-point increase in expected match value and decrease in
uncertainty lead to, respectively, a 8.2 and a 12.6 percentage point increase in consumption prob-
ability, lending support for Hypothesis 2. These estimates are economically meaningful as they
suggest that the large e�ect sizes observed in Section 4 can be rationalised if recommendation
induces changes to consumer beliefs.

We 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: 10.07 for uncertainty
(Column 1), 55.40 for expected match value (Column 2), and 4.08 and 20.20, respectively, when
combined with interactions (Column 3). 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�cations, indicating that OLS estimates are biased and IV estimation is neces-
sary. Supporting this, Table 9 in the Online Appendix A shows that OLS estimates signi�cantly
underestimate the e�ects of uncertainty and expected match value on consumption. Finally, the
Sargan test in Column 3 yields a nonsigni�cant result (p = 0.672), supporting the validity of the
exclusion restriction.

5.2. The Impact of Recommendations on Beliefs

Now that we have established that beliefs causally determine consumption, we explore the ex-
tent to which recommendation impacts these beliefs as a possible explanation for the increase in
consumption resulting from recommendation. The information conveyed by recommendations
about potentially high match value goods can lead to belief updating and subsequently in�uence
consumption decisions. This particular informational channel of recommendations constitutes
the crux of Hypothesis 3.

We examine two di�erent aspects. We �rst test the �rst-order e�ect of whether recommendations
provide information, that is, whether they decrease uncertainty. Second, we test if recommen-
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∆ Uncertainty ∆ Consumer-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)

Observations 21,283 21,283
R2 0.001 0.0002
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2: The Impact of Recommendation on Beliefs (Hypothesis 3)

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∆σb

i,x and on the change of the absolute di�erence
between the consumer’s expected value and the platform’s predicted value, ∆|vb

i,x − vp
i,x|, as per

Equation 4. The change is taken to be over the course of the experiment, considering the �rst
and last beliefs reported for each consumer i and good x.

dations drive consumers’ expected match value assessments closer to the platform’s predicted
match value, that is, whether recommendations decrease the consumer-platform expected match
value gap. We estimate the following speci�cation:

yi,x =β0 +β1r i,x +εi,x (4)

where r i,x is an indicator that equals 1 if good x was recommended to consumer i and is other-
wise 0, and yi,x = ∆σb

i,x or ∆|vp
i,x − vb

i,x| which denote, respectively, the change in consumer i’s
uncertainty about good x’s value and the change in the consumer-platform match value gap, i.e.,
the di�erence between consumer i’s expectation of good x’s match value, vb

i,x, and the platform’s
predicted match value of good x for consumer i, vp

i,x. The change is taken to be over the course
of the experiment, considering the �rst and last beliefs reported for each consumer i and good x.

Since goods selected for belief elicitation are of the same expected (high) match value, regardless
of whether they are recommended or not, we are able to identify a causal e�ect of recommen-
dations on consumer beliefs. Columns (1) and (2) of Table 2 present our estimates for equation
(4) with yi,x =∆σb

i,x and yi,x =∆|vp
i,x−vb

i,x|, respectively. We �nd support for Hypothesis 3, with
recommendations decreasing uncertainty for the recommended good and decreasing the match
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value di�erence between consumers’ expectations and the platform’s predictions. Recommend-
ing an item signi�cantly decreases uncertainty by .06 points, and closes the match value gap by
.015 points. Put together with the e�ect sizes estimated in Section 5.1, this shows that the increase
in consumption due to recommendations can be rationalised through its e�ect on beliefs.

6. Heterogeneous E�ects and Robustness
In this section, we explore heterogeneous e�ects of recommendation and conduct di�erent ro-
bustness exercises.

6.1. Heterogeneous E�ects

We �rst examine how the treatment e�ect depends on prior beliefs and previous experience. If
their informational role is a main mechanism through which recommendations operate on con-
sumption, then recommendation should have a greater impact when consumers are less certain
about their valuation of a good and when they are less experienced with the product space.

Prior Beliefs. In Figure 2, we consider how consumption probability for goods in the consid-
eration and recommendation treatment groups depends on the prior level of uncertainty (panel
(a)) and expected match value (panel (b)). The �gure highlights that, no matter which prior
beliefs, recommendation always increases consumption probability beyond mere consideration.
Furthermore, it indicates that lower uncertainty and higher expected match value are associ-
ated with higher consumption probability. Finally, Figure 2 provides suggestive evidence that
the e�ect of expected match value on consumption is virtually unchanged by recommendation
(a level change), while recommendations strengthen the relationship between uncertainty and
consumption (a steeper relationship).

In order to better understand the heterogeneity based on prior beliefs, we assess if and to what
extent consumers di�erentially updated their beliefs based on their baseline uncertainty levels.
To do so, we reestimate Equation 4:

yi,x,t =β0 +β1r i,x +εi,x (4)

again, where we consider yi,x,t = ∆σb
i,x and yi,x,t = ∆|vp

i,x − vb
i,x|. Di�erently from before, we

estimate this speci�cation conditional on prior beliefs, that is, for each level of prior uncertainty.

The results are presented in Figure 3, in panel (a), for the change in uncertainty (∆σb
i,x), and, in

panel (b), for the change in the expected match value gap (∆|vp
i,x − vb

i,x|). Figure 3(a) shows that
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Figure 2: Beliefs Explain Consumption: Heterogeneous E�ect by Treatment

Notes: The �gure exhibits the estimates of consumption probability by treatment – consideration-only
set (red circle) and recommendation set (blue triangle) – and conditional on the reported prior uncertainty
(Panel (a)) and the prior expected match value (Panel (b)). Since these estimates are conditional on prior be-
liefs, only goods about which beliefs were elicited were included. Lines represent 95% con�dence intervals
with clustered standard errors at the consumer level.

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 recommendations to provide informational value the larger the initial uncertainty levels are.
In line with this observation, Figure 3(b) indicates that the expected match value gap is brought
closer to the platform’s predicted value the higher prior uncertainty is, but overall the estimates
are less precise.

Overall, combined with the results of Figure 2, the data suggest that the e�ects of recommenda-
tion are moderated by the degree of prior uncertainty, and thus provide further evidence of the
informational role played by recommendations.

Consumer Experience. A related dimension of potential heterogeneity in the e�ects of recom-
mendations is that of consumers’ past experience. Our underlying working hypothesis is that
consumers who have explored a signi�cant portion of the product space are likely to hold more
precise beliefs about the match values of goods. Indeed, as mentioned earlier, we �nd a neg-
ative association between prior uncertainty and previous consumer experience (see column (3)
of Table 4). Consequently, the informational gain from recommendations may be lower for such
more experienced consumers. We proxy consumer experience using the log of past consumption,
speci�cally the number of movies rated prior to the experimental intervention.

21



−0.3

−0.2

−0.1

0.0

0.1

1 2 3 4 5
Prior Uncertainty

∆ 
U

nc
er

ta
in

ty

HTE: Recommendation vs Consideration

(a) Uncertainty

−0.08

−0.04

0.00

0.04

1 2 3 4 5
Prior Uncertainty

∆ 
U

se
r−

P
la

tfo
rm

 E
xp

. M
at

ch
 V

al
ue

 G
ap

HTE: Recommendation vs Consideration

(b) Expected Match Value

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

Notes: The �gure estimates the average treatment e�ect of recommendations on beliefs compared to that
of consideration (Equation 4), conditional on prior uncertainty. Panel (a) exhibits the estimated treatment
e�ect of recommendations (compared to consideration) on uncertainty, whilst Panel (b) displays the treat-
ment e�ect on the distance between the consumer’s expected value and the platform’s predicted value,
both conditional on the reported prior uncertainty. Lines represent 95% con�dence intervals with clus-
tered standard errors at the consumer level. The change is taken to be over the course of the experiment,
considering the �rst and last beliefs reported for each consumer i and good x.

To assess whether the extent of past consumption experience mediates how recommendations
impact consumption, we interact the recommendation term in speci�cation Equation 1 with our
measure of consumer experience. The results, presented in Table 3, use the same speci�cations
considered in Table 1. The estimates indicate a negative heterogeneous e�ect: recommendations
have less of an e�ect on consumption for more experienced consumers, with recommendations
having approximately 20% less impact on consumption for consumers who had watched 500
movies at the outset of the experiment compared to those who had watched only 100.

This conclusion is further supported by considering how persuasion rates change when focus-
ing on consumers with above-median consumption experience at the outset of the intervention.
While the persuasion rate for the consideration-only treatment remains similar for more expe-
rienced consumers (0.64% compared to 0.73%), the persuasion rate for recommendations drops
signi�cantly, from 33.34% in the overall sample to 22.35% for this subset.

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.

22



Consumption
(1) (2) (3)

Consideration 0.0004∗∗ 0.002∗∗

(0.0002) (0.001)
Recommendation 0.011∗∗∗ 0.053∗∗∗ 0.045∗∗

(0.003) (0.012) (0.019)
Recommendation × Log(Past Consumption) −0.001∗ −0.006∗∗∗ −0.005∗

(0.0005) (0.002) (0.003)
Log(Past Consumption) −0.0001 −0.001∗ −0.0004

(0.0003) (0.001) (0.001)
Constant 0.005∗∗ 0.019∗∗∗ 0.014∗

(0.002) (0.005) (0.007)

Observations 1,026,342 56,040 20,715
R2 0.001 0.004 0.003
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 3: Heterogeneous E�ects of Recommendation by Consumption Experience

Notes: This table tests whether recommendations impact consumption di�erently depending on
consumers’ past experience, as proxied by the log of past consumption, that is, the number of
movies rated at the outset of the experimental intervention. The estimates correspond to those
speci�ed in Equation 1 expanded to include the log of past consumption and its interaction with
whether a good was in the recommendation treatment for a particular consumer. Each compo-
nent displays the baseline control and the estimated average treatment e�ect of consideration
and recommendation on consumption for the di�erent sample speci�cations.

6.2. Assessing Robustness

We now turn to a discussion of several robustness checks to further validate our �ndings.

Consumer Fixed E�ects. The �rst possible concern is that there is a large amount of consumer
heterogeneity – both in their propensity to consume goods, but also in their frequency of visiting
the platform and providing beliefs. As such, it is possible that some of the results that we �nd are
due to idiosyncratic di�erences across consumers and that the e�ects are driven by a few power
consumers. In Online Appendix B, we rule out this explanation by redoing all of the analyses with
consumer �xed e�ects. We �nd that this leads to little di�erence in the economic magnitude and
statistical signi�cance of all the analyses conducted in the main portion of the paper.
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Normalised Beliefs. The second possible concern is that, along the lines of consumer hetero-
geneity, a �ve-star rating for one consumer has a di�erent interpretation than for another con-
sumer.19 We explore if this in�uences our conclusions regarding the link between recommen-
dations and beliefs. To this e�ect, we produce consumer-speci�c, normalised measures of un-
certainty and expected match values: For each consumer, we subtract from the elicited speci�c
measure (uncertainty or expected match value) the consumer-speci�c mean at the �rst elicita-
tion and divide by the consumer-speci�c standard deviation. We then re-estimate Equations 4
using the standardised beliefs. We report the results in Table 11 and in Table 16 including con-
sumer �xed e�ects – in Online Appendices B and C, respectively. This leads to no change in our
conclusions regarding the magnitude of the e�ects or their economic/statistical signi�cance.

Timing of Belief Elicitation. The �nal point we address regards the timing of the belief elicita-
tion considered when analysing the causal relationship between beliefs and consumption. Specif-
ically, in Table 1 we consider only the last elicitation of a given (consumer, good) pair, as it would
be the one that is signi�cant for consumption. However, in Table 8 (Online Appendix A), we show
that our conclusions on the causal impact of beliefs on consumption remain robust to considering
the �rst elicitation, instead of the last.

7. Discussion
In this section, we provide a discussion of the implications for the results as well as relevant
caveats given the aspects that we cannot capture with our experimental intervention.

Welfare E�ects. Our results suggest that recommendations provide consumers with informa-
tion that decreases uncertainty about the goods and shifts consumption. This does not directly
imply that such recommendations are welfare-improving. In particular, by decreasing uncer-
tainty, recommendations could be steering consumers toward goods they like less, generating an
informational trap either due to risk aversion or by preempting consumers from seeking further
information on alternative products.20 MovieLens, however, does not provide consumption op-
portunities and deploys recommendation algorithms that are deemed to guide consumers toward
ex-post optimal goods. In short, as recommendations are personalised to consumers and target
goods with high match value, their e�ects on shifting consumption suggest an increase ex-post,
realised utility, while the reduction of uncertainty provides an immediate increase in expected
payo�s for risk-averse consumers.
19This is a canonical issue for interpreting ratings data since before recommender systems used these data extensively

(e.g., see (Greenleaf, 1992)).
20For a recent paper that makes this point clearly in social learning environments, see Hoezelmann et al. (2024).

24



External Validity. One potential limitation is whether the �ndings from this analysis generalise
to other domains. The intervention was conducted on MovieLens, a platform with two notable
features: it lacks pro�t-driven motives in its recommender system, and it focuses exclusively
on a single product type – movies. By contrast, many online platforms are pro�t-oriented, and
recommender systems are deployed across diverse domains, such as news and social media, where
consumption processes may di�er from those for movies.

Nevertheless, we believe our �ndings o�er meaningful insights for online platforms. First, Movie-
Lens data have been instrumental in advancing research on recommendation algorithms, serving
as a benchmark for evaluating new algorithms since the 1990s (Harper and Konstan, 2015), and
inevitably in�uencing the development of algorithms employed by commercial platforms. Sec-
ond, the collaborative �ltering algorithms used by MovieLens are widely applied across domains,
including news, social media, and online marketplaces. While these contexts involve varying con-
sumption behaviours, the conceptual framework and experimental design in this paper provide
tools to disentangle underlying mechanisms and estimate their relative importance in environ-
ments driven by collaborative �ltering algorithms (Ekstrand et al., 2011).

In short, our work allows for 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. Furthermore, the approach
developed here is portable and can be applied to other contexts to deepen our understanding of
how collaborative �ltering algorithms in�uence choices under varying objectives, consumption
behaviours, and platform constraints.

Implications for Recommendation System Evaluation. A key distinction in the literature
on recommendation system evaluation lies in whether the primary goal is to expand consumers’
consideration sets or to provide better information about goods they might already consider.
As mentioned in our discussion of the related literature, both approaches leverage collaborative
�ltering algorithms to estimate preferences, but they apply di�erent heuristics to generate rec-
ommendations. Some systems prioritise surfacing items to broaden consumers’ options, while
others focus on enhancing the informational value of recommendations to provide users with
more useful insights.

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
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better choices from within their existing options – are more e�ective at driving consumption
than those focused on consideration set expansion.

This shift in focus has important implications for recommendation system design. As discussed
in the introduction, several metrics are often used as proxies for recommendation informative-
ness, but they con�ate broadening options with providing consumers with 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, demon-
strating its potential for optimising recommendation systems. In a companion paper (Aridor et al.,
2024), we adapt our methodology and introduce a procedure for collecting belief data, suitable
for large-scale implementation, along with an open-source dataset from MovieLens that incor-
porates this information. Together, these contributions help us better understand the economic
forces behind consumption choices in recommendation systems and can be used to guide their
design and evaluate their impact.
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Appendix.

Appendix A. Belief Data Validation Exercises
In this appendix, we demonstrate that the belief data we collect not only exhibit reasonable pat-
terns, but are also informative about the resulting match value. In other words, we provide evi-
dence that consumers have well-formed beliefs about �lms and that survey-based measures can
accurately capture them.

Realised Match Value Prior Consumer-Platform Prior Uncertainty
Exp. Match Value Gap

(1) (2) (3)
Exp. Match Value 1.017∗∗∗

(0.010)
Uncertainty 0.073∗∗∗

(0.023)
Log(Past Consumption) −0.465∗∗∗

(0.060)
Log(Popularity) −0.056∗

(0.033)
Film is Sequel −0.061∗∗∗

(0.010)
Constant 1.128∗∗∗ 4.167∗∗∗

(0.089) (0.227)

Observations 408 21,283 20,788
R2 0.460 0.008 0.020
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 4: Properties of Belief Data

Notes: This table demonstrates the sensible patterns in the belief data. Column (1) estimates the
correlation between realised match value and expected match value. Column (2) estimates the
relationship between the distance between expected and realised match value on prior consumer
uncertainty. Column (3) displays the relationship between consumer uncertainty and consumers’
log of past consumption as given by the number of �lms rated at the outset of the experimental
period, �lms’ log popularity as given by the number of ratings at the outset of the experimental
period on the MovieLens platform, and whether the �lm is a sequel or not. Prior beliefs (uncer-
tainty and expected match value) refer to the �rst belief elicitation about a particular �lm from a
particular consumer.
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First, we show that consumers’ beliefs are an unbiased statistic for their value assessments af-
ter consumption, arguably settling any question about the validity of the expected match value
measure. We estimate:

vi,x =β1vb
i,x +εi,x

where vi,x denotes the realised match value of good x for consumer i, and, in order to capture
the initial beliefs of consumers before any intervention, vb

i,x denotes the consumers’ �rst belief
elicitation about good x for consumer i. The results, in column (1) of Table 4, show the estimated
coe�cient β1 is a precisely estimated 1: prior beliefs of consumers 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 the reported uncertainty level. Speci�cally, we estimate:∣∣∣vi,x −vb

i,x

∣∣∣=β0 +β1σ
b
i,x +εi,x.

Column (2) of Table 4 reportsβ1 > 0, a positive relationship between uncertainty and the resulting
di�erence, validating that larger uncertainty results in less aligned belief and actual match value.

We then explore the relationship between expected match value and uncertainty and show in
Figure 4 that, as one would expect, consumers are more certain of extreme value assessments
(i.e., close to 0 or 5 stars) relative to more moderate ones (i.e., 3 stars).

The �nal validity check that we conduct explores how uncertainty relates to the popularity of a
good (measured by the number of community ratings on MovieLens), the past consumption expe-
rience of a consumer (measured by their number of pre-experiment ratings), and whether the �lm
is a sequel or not (measured by joining to IMDb data). We therefore run the following regression
to assess the association between consumers’ reported uncertainty and these measures:

σb
i,x =β1 log(Past Consumptioni)+β2 log(Popularityx)+β3Sequelx +εi,x (5)

where the notation is similar to the previous speci�cations. To isolate the possible role of the
experimental intervention in modifying beliefs, we restrict focus to the �rst belief elicitation of a
given good for each consumer.

Column (3) of Table 4 displays the results, showing that greater popularity and being a sequel are
associated with lower uncertainty. Interestingly, it also shows that uncertainty is decreasing in
past consumption – indicating that less experienced consumers are, on average, more uncertain
about their expected match value for goods.

We conclude the validation section by presenting summary statistics about the belief data and
the experiment, presented in Table 5. Table 5 highlights the di�erences between the realised and
expected match values, the uncertainty measures, and the platform’s predicted match values for
the full set of goods in the experimental intervention versus the goods that show up in recom-
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Figure 4: Uncertainty by Expected Quality

Notes: This �gure shows the 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.

mendations. Overall, we collect 39,608 di�erent belief elicitations for 6,674 distinct �lms and 1,031
distinct goods. During the experimental period, 8,902 �lms were rated, with 6,240 qualifying as
consumption under our robust measure. Table 6 additionally provides summary statistics of the
number of completed belief surveys and the number of �lms consumed per consumer.
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Mean Std. Dev. Percentile
Median 25th 75th Min Max

(1) (2) (3) (4) (5) (6) (7)
Realised Match Values 3.71 0.88 4.00 3.50 4.00 0.50 5.00

Avg. per user 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. per user 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. per user 3.38 0.71 3.33 2.90 3.88 1.00 5.00

Platform Exp. Match Values 3.98 0.50 4.02 3.71 4.31 0.00 5.00
Avg. per user 3.98 0.43 4.01 3.72 4.27 1.58 5.00

Platform Exp. Match Values 4.36 0.42 4.37 4.09 4.69 2.64 5.00
for Recommended

Avg. per user 4.39 0.37 4.42 4.13 4.68 2.81 5.00

Table 5: Belief Data Summary Statistics

Notes: We present summary statistics on the belief data. We show the distributional statistics
for the realised and expected match values, the uncertainty measures, the platform’s predicted
match values for the �lms considered in the intervention, and the platform’s predicted match
value for the set of goods that show up in recommendations. Within each �eld, the �rst row
shows the distribution across the full dataset, whereas the second row shows the distribution
across consumers (averaging to a single average value for each consumer).

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

(1) (2) (3) (4) (5) (6) (7)
Films Consumed per user 4.30 9.30 1.00 0.00 5.00 0.00 157.00
Belief Surveys per user 3.98 5.88 2.00 1.00 4.00 1.00 72.00

Table 6: Summary Statistics on Consumption and Beliefs

Notes: This table provides summary statistics on the number of completed belief surveys (each
including 10 goods) and the number of �lms consumed per consumer.
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AppendixB. Recruitment and Study Implementation: AdditionalDetails
In our intervention, we target a random sample from a subset of the platform’s users.21 In order to
mitigate the heterogeneity of treatment e�ects across consumers arising from di�erences in the
match value of the recommendations, we restrict our sample to users who satisfy the following
conditions: (i) having rated more than 100 �lms in total; (ii) having rated fewer than 3,000 �lms
in total; and (iii) over the previous m = 1,2,3,4 months, having rated a minimum of d1.5me �lms.
The �rst condition is a minimum data requirement so that the recommender system algorithm
utilised by the platform is able to provide valuable recommendations. This is especially important
given that, throughout the duration of the intervention, the assignment of �lms to treatments is
held �xed and therefore so is the set of �lms that can be recommended. The second excludes
power users. The last condition seeks to guarantee that the targeted user is 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, with
stable users who are familiar with the platform’s recommender system.

Appendix C. Additional Related Work Discussion
We provide some additional discussion of related work for similar, yet distinct, marketing mech-
anisms such as advertising and online reviews.

Advertising. There is a vast literature on the economics of advertising that similarly attempts
to decompose whether and why advertisements in�uence consumption. For example, some (e.g.
Honka et al., 2017; Tsai and Honka, 2021; Ursu et al., 2023) argue that advertising in several
contexts acts through the consideration channel, and others (e.g. Grossman and Shapiro, 1984;
Meurer and II, 1994; Ackerberg, 2003; Sahni and Nair, 2020) focus on its informational e�ects.
The nuances in measuring the e�ectiveness and the mechanisms behind the impact of adver-
tising, as discussed in Lewis and Rao (2015), motivate our empirical design for measuring the
impact of recommendations. While there are similarities in the underlying mechanisms, adver-
tising and recommendation systems target distinct aspects of the consumer choice process and
are generated using di�erent methods and by agents with di�ering incentives. Recommendation
systems aggregate consumer data on a platform to provide predictions for multiple goods present
on the platform, while advertisements are aimed at persuading consumers to purchase one good
or goods from one brand. Thus, we view one of our contributions as, similarly to the literature
on advertising, decomposing the role of the mechanisms that drive the role of this distinct and
relatively new tool for online platforms.

Online Reviews. Another source of possible information that guides consumers in their choices
comes from online reviews (Tadelis, 2016). The basis for most recommendation systems, and the
one used in this context, is the set of consumer-provided ratings and reviews that they leave
21The use of or access to the platform is prohibited to individuals under the age of 18, as per the platform’s terms of

service.
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on the platform. The primary di�erence between the two channels is that while reviews pro-
vide non-personalised information, a recommendation system provides personalised recommen-
dations tailored to the tastes of the consumer. Furthermore, the economic mechanisms behind
reviews are primarily informational and lack a consideration component since consumers have
to actively seek out the good in order to view its reviews. Consistent with this, the literature
on consumer reviews has primarily focused on issues such as di�erentiating between the e�ec-
tiveness of online versus professional reviews (Reimers and Waldfogel, 2021) and the feedback
loops between consumption and rating (Acemoglu et al., 2022; Bondi et al., 2022). In our setting,
there are no reviews with consumer text – only ratings. Recommendations, in contrast, are not
only distinct from reviews but are also compelling to study in their own right, as they involve
complex personalisation algorithms and economic mechanisms that in�uence consumer choice
in ways fundamentally di�erent from reviews. While reviews are typically complementary to
recommendations, they have distinctly di�erent roles in the consumer choice process.
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Online Appendix.

Online Appendix A. Additional Tables

Consumption
(1) (2) (3)

Consideration 0.0003∗ 0.002∗∗

(0.0002) (0.001)
Recommendation 0.005∗∗∗ 0.013∗∗∗ 0.015∗∗∗

(0.0005) (0.002) (0.003)
Constant 0.005∗∗∗ 0.010∗∗∗ 0.011∗∗∗

(0.0003) (0.001) (0.001)
Observations 1,083,123 57,396 21,208
R2 0.001 0.003 0.003
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 7: The Impact of Recommendation on Consumption (Hypothesis 1)

Notes: This table tests whether consideration and recommendation impact consumption proba-
bility. The estimates correspond to those speci�ed in Equation 1 providing a direct counterpart
to Figure 1. Each component displays the baseline control and the estimated average treatment
e�ect of consideration and recommendation on consumption for the di�erent sample speci�ca-
tions. Each observation corresponds to a pair (consumer i, good x). Column (1) includes the
“full data”, that is, it includes all consumers i and all goods x in the consumer-speci�c control,
exposure-only, and recommendation sets. Column (2) includes only “considered strata”, i.e., it
includes the goods to which a consumer was exposed through the belief elicitation survey, and
all the goods in the same consumer-speci�c stratum. Column (3) further restricts the sample to
only “considered items”, corresponding to goods to which a consumer was exposed through the
belief elicitation survey; it necessarily excludes goods in the control set.
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Consumption
(1) (2) (3)

Uncertainty −0.159∗∗ −0.162∗∗

(0.067) (0.075)
Exp. Match Value 0.062∗∗∗ 0.091∗∗

(0.019) (0.037)
Constant 0.558∗∗ −0.171∗∗∗ 0.293

(0.229) (0.057) (0.226)

Weak Instruments (Uncertainty) 7.69 3.23
[0.006] [0.021]

Weak Instruments (Exp. Match Value) 55.19 19.82
[0.000] [0.000]

Wu-Hausman 15.71 8.76 11.92
[0.000] [0.003] [0.000]

Sargan 0.03
[0.858]

Observations 20,895 20,895 20,895
Clustered standard errors at the subject level in parentheses.
p-values in squared brackets.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 8: Beliefs Explain 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 3. It di�ers from Table 1
by considering the �rst instead of the last time that beliefs about a speci�c good are elicited
from a given consumer. 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 overidentifying restrictions.
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Consumption
(1) (2) (3)

Uncertainty −0.007∗∗∗ −0.006∗∗∗

(0.001) (0.001)
Exp. Match Value 0.010∗∗∗ 0.010∗∗∗

(0.001) (0.001)
Constant 0.038∗∗∗ −0.016∗∗∗ 0.006

(0.004) (0.003) (0.004)

Observations 20,895 20,895 20,895
R2 0.004 0.006 0.009
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 9: Correlation Between Beliefs and Consumption

Notes: This table estimates the correlation between a good’s expected match value and uncer-
tainty with its consumption probability as per Equation 3. It considers only the last time that
beliefs about a speci�c good are elicited from a given consumer. Di�erently from Table 1, the
estimates do not have a causal interpretation.

Consumption
(1) (2) (3)

Uncertainty −0.006∗∗∗ −0.006∗∗∗

(0.001) (0.001)
Exp. Match Value 0.009∗∗∗ 0.009∗∗∗

(0.001) (0.001)
Constant 0.037∗∗∗ −0.013∗∗∗ 0.008∗∗

(0.004) (0.003) (0.004)

Observations 20,895 20,895 20,895
R2 0.004 0.005 0.008
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 10: Correlation Between Beliefs and Consumption: 1st Elicitation

Notes: This table estimates the correlation between a good’s expected match value and uncer-
tainty with its consumption probability, as per Equation 3. It di�ers from Table 9 by considering
the �rst instead of the last time that beliefs about a speci�c good are elicited from a given con-
sumer. Di�erently from Table 8, the estimates do not have a causal interpretation.
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∆ Std. Uncertainty ∆ Std. Consumer-Platform
Exp. Match Value Gap

(1) (2)
Recommendation −0.067∗∗∗ −0.026∗∗

(0.015) (0.010)
Constant −0.063∗∗∗ 0.004

(0.009) (0.006)

Observations 20,704 20,704
R2 0.001 0.0004
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 11: The Impact of Recommendation on Beliefs (Hypothesis 3) – Standardised Beliefs

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∆σb

i,x and on the change of the absolute di�erence
between the consumer’s expected value and the platform’s predicted value, ∆|vb

i,x − vp
i,x|, as per

Equation 4. It di�ers from Table 2 by considering standardised measures of beliefs, subtracting
from the elicited speci�c measure (uncertainty or expected match value) the consumer-speci�c
mean at the �rst elicitation and dividing by the consumer-speci�c standard deviation.
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Online Appendix B. Tables with Consumer Fixed E�ects

Consumption
(1) (2) (3)

Consideration 0.0003∗ 0.002∗∗

(0.0002) (0.001)
Recommendation 0.005∗∗∗ 0.013∗∗∗ 0.014∗∗∗

(0.0005) (0.002) (0.002)
Consumer FEs Yes Yes Yes

Observations 1,083,123 57,396 21,208
R2 0.029 0.044 0.067
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 12: The Impact of Recommendation on Consumption (Hypothesis 1): Consumer Fixed Ef-
fects

Notes: This table tests whether consideration and recommendation impact consumption prob-
ability. It di�ers from Table 7 only in that it includes consumer �xed e�ects. Each component
displays the baseline control and the estimated average treatment e�ect of consideration and
recommendation on consumption for the di�erent sample speci�cations. Each observation cor-
responds to a pair (consumer i, good x). Column (1) includes the “full data”, that is, it includes
all consumers i and all goods x in the consumer-speci�c control, exposure-only, and recommen-
dation sets. Column (2) includes only “considered strata”, i.e., it includes the goods to which
a consumer was exposed through the belief elicitation survey, and all the goods in the same
consumer-speci�c stratum. Column (3) further restricts the sample to only “considered items”,
corresponding to goods to which a consumer was exposed through the belief elicitation survey;
it necessarily excludes goods in the control set.
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Consumption
(1) (2) (3)

Uncertainty −0.009∗∗∗ −0.007∗∗∗

(0.001) (0.001)
Exp. Match Value 0.013∗∗∗ 0.011∗∗∗

(0.002) (0.001)
Consumer FEs Yes Yes Yes

Observations 20,895 20,895 20,895
R2 0.070 0.072 0.074
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 13: Correlation Between Beliefs and Consumption: Consumer Fixed E�ects

Notes: This table estimates the correlation between a good’s expected match value and uncer-
tainty with its consumption probability, as per Equation 3. It considers only the �rst time beliefs
about a speci�c good are elicited from a given consumer. It di�ers from Table 9 only in that it
includes consumer �xed e�ects.

Consumption
(1) (2) (3)

Uncertainty −0.009∗∗∗ −0.007∗∗∗

(0.001) (0.001)
Exp. Match Value 0.012∗∗∗ 0.010∗∗∗

(0.002) (0.001)
Consumer FEs Yes Yes Yes

Observations 20,895 20,895 20,895
R2 0.070 0.070 0.073
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 14: Correlation Between Beliefs and Consumption: 1st Elicitation; Consumer Fixed E�ects

Notes: This table estimates the correlation between a good’s expected match value and uncer-
tainty with its consumption probability, as per Equation 3. It di�ers from Table 9 by considering
the �rst instead of the last time that beliefs about a speci�c good are elicited from a given con-
sumer. It di�ers from Table 10 only in that it includes consumer �xed e�ects.
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∆ Uncertainty ∆ Consumer-Platform
Exp. Match Value Gap

(1) (2)
Recommendation −0.055∗∗∗ −0.015∗∗

(0.013) (0.007)
Consumer FEs Yes Yes

Observations 21,283 21,283
R2 0.074 0.056
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 15: The Impact 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∆σb

i,x and on the change of the absolute di�erence
between the consumer’s expected value and the platform’s predicted value, ∆|vb

i,x − vp
i,x|, as per

Equation 4. The change is taken to be over the course of the experiment, considering the �rst
and last beliefs reported for each consumer i and good x. It di�ers from Table 2 only in that it
includes consumer �xed e�ects.

∆ Std. Uncertainty ∆ Std. Consumer-Platform
Exp. Match Value Gap

(1) (2)
Recommendation −0.058∗∗∗ −0.025∗∗

(0.015) (0.011)
Consumer FEs Yes Yes

Observations 20,704 20,704
R2 0.074 0.054
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 16: The Impact of Recommendation on Beliefs – Standardised Beliefs; Consumer FE

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 3. Similar to Table 11, it employs
standardised measures of beliefs, subtracting from the elicited speci�c measure (uncertainty or
expected match value) the consumer-speci�c mean at the �rst elicitation and dividing by the
consumer-speci�c standard deviation. It di�ers from Table 11 only in that it includes consumer
�xed e�ects.
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Consumption
(1) (2) (3)

Consideration 0.0004∗∗ 0.002∗∗

(0.0002) (0.001)
Recommendation 0.011∗∗∗ 0.053∗∗∗ 0.041∗∗

(0.003) (0.012) (0.018)
Recommendation × Log(Past Consumption) −0.001∗ −0.006∗∗∗ −0.004

(0.0005) (0.002) (0.003)
Consumer FEs Yes Yes Yes

Observations 1,026,342 56,040 20,715
R2 0.028 0.044 0.065
Clustered standard errors at the subject level in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 17: Heterogeneous E�ects of Recommendation by Consumption Experience: Consumer
Fixed E�ects

Notes: This table tests whether recommendations impact consumption di�erently depending on
consumers’ past experience, as proxied by the log of the past consumption, that is, the number
of �lms rated at the outset of the experimental intervention. It di�ers from Table 3 only in that
it includes consumer �xed e�ects. The estimates correspond to those speci�ed in Equation 1 ex-
panded to also include the log of past consumption and its interaction with whether or not a good
was in the recommendation treatment for a particular consumer. Each component displays the
baseline control and the estimated average treatment e�ect of consideration and recommendation
on consumption for the di�erent sample speci�cations.
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Online Appendix C. Screenshots

C.1. Platform Interface

(a) Interface Layout

(b) Movie Details
Card

Figure 5: MovieLens Home Page
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Figure 6: Movie Details Page
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C.2. Survey

Part 1

 Thanks for joining! Let us know if there are any new movies  you have watched seen since the last time  you were on MovieLens: 

input a movie name here

Go to Part 2 Not right now. Go to Movielens.

Contact Us Remove me from the survey study group?

logged in as ----------------------------------------

MovieLens https://movielens.org/rec-val

1 of 1 2021-05-03, 15:21
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C.3. Recruitment

We need YOU!

We are studying how to improve our recommendations and we would like to ask for your help.

We want to understand how our recommendations affect which movies you watch and how you feel about movies you haven't watched.

For the next few months when you log onto MovieLens we will ask you how you think you would rate movies you haven’t seen yet and how sure you are about this.
We will also ask you about movies you have seen recently.

The movies we ask you about have been randomly selected from the top 750 movies you haven’t seen yet, so we are not necessarily recommending you watch
them.

After completing the survey, you will be redirected to the main MovieLens interface where you will see your top picks and new releases as usual.

You will be able to exit the experiment at any time.

MovieLens is partnering with researchers from Columbia University and the University of Minnesota and you will be agreeing to taking part in an approved survey.

Yes, this sounds great! Ask me later. No, I'm not interested.

The University of Minnesota IRB reviewed this study and determined that it was exempt from further review. Participants who have questions or concerns can contact the U of M IRB at: irb@umn.edu.

Documentation: Approval and Consent. Contact Us

logged in as ----------------------------------------

MovieLens https://movielens.org/rec-val-consent

1 of 1 2021-05-03, 15:20
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