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Abstract

An increasingly important aspect of designing recommender sys-
tems involves considering how recommendations will influence
consumer choices. This paper addresses this issue by introducing
a method for collecting user beliefs about un-experienced goods
— a critical predictor of choice behavior. We implemented this
method on the MovieLens platform, resulting in a rich dataset
that combines user ratings, beliefs, and observed recommenda-
tions. We document challenges to such data collection, including
selection bias in response and limited coverage of the product
space. This unique resource empowers researchers to delve deeper
into user behavior and analyze user choices absent recommenda-
tions, measure the effectiveness of recommendations, and proto-
type algorithms that leverage user belief data, ultimately leading to
more impactful recommender systems. The dataset can be found at
https://grouplens.org/datasets/movielens/ml_belief_2024/.
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1 Introduction

The overwhelming abundance of goods on online platforms creates
a challenging environment for consumers to find the best alter-
natives for them. Recommender systems aim to bridge this gap
by suggesting goods to consumers. Traditionally, these systems
focused on predicting how much user i will value each good j
(denoted u; j) [2]. In order to do so, platforms can collect a wide
range of data, including explicit user inputs of ratings or other
on-platform behavior, such as past consumption and search time.
Early on in recommender system research it was recognized that
accurately predicting a user’s consumption value u; ; might not be
sufficient for recommendations to be useful for users [14]. Since
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then a large literature has arisen that not only utilizes predicted
consumption value but also incorporates auxiliary criteria in rec-
ommendations [11], giving rise to approaches based on serendipity
[9, 12, 13], novelty [5, 18], and calibration [1, 17], among others.
These different approaches arise from the intuition that useful rec-
ommendations have to take into account how they can be useful
in the user decision-making process. However, they neither explic-
itly consider the user choice problem nor specify through which
mechanisms recommendations can assist users.

Previous research has shown that one useful type of data for

understanding user choice and the mechanisms through which
recommendations act is user belief data — the opinions that users
have about goods they have not consumed. [4] show through nu-
merical simulations of a theoretical user choice model that user
beliefs can rationalize empirical consumption patterns documented
by [15] both with and without recommendations on MovieLens.
Furthermore, [3] conducted a field experiment on MovieLens and
showed that recommendations have a causal effect on user beliefs
and that user beliefs predict what they will consume.
Our Contributions: In this paper we provide both a procedure to
effectively collect belief data and an open-source dataset generated
by implementing the procedure on the MovieLens platform for over
a year. We rely on a simple economic model of decision-making in
the context of recommender systems to guide the type of variation
that is generated by our procedure. In particular, we will showcase
how the procedure generates data that makes it feasible to predict
beliefs over the full set of goods, measure how recommendations
influence beliefs, and predict how beliefs map to consumption.

While our procedure is motivated by a particular model of decision-
making, there are many possible applications of the procedure and
the data. The procedure is designed so that it can be implemented
and scaled on any online platform that deploys a recommender
system. In particular, the procedure carefully chooses the set of
feasible goods and how to pick which goods from this feasible set to
elicit beliefs about in a manner that overcomes endemic challenges
to collecting data regarding non-consumption behavior on online
platforms. The resulting open-source data complements the widely
popular MovieLens ratings dataset [10] and can be useful for the
canonical ratings prediction problem. Existing research exploits
the fact that ratings are missing not at random either as a source of
information [19] or in order to de-bias ratings [16], but the belief
data provides a distinct view of preferences that, for instance, can
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differentiate between parts of the product space where a user does
not consume a good since she is uncertain about its quality versus
because she knows that she does not like certain types of goods.

As such, it provides a novel view into user preferences relative
to ratings data that can also be used to test and design recommen-
dation evaluation criteria that incorporate how recommendations
influence user choices. For instance, one exciting possible appli-
cation of the dataset is to use it to directly measure the degree
of serendipity of a recommendation (e.g., “unexpectedness” of a
recommendation relative to user prior beliefs) and incorporate this
into existing serendipity-based recommendation evaluation criteria.
Beyond the several applications of the dataset we highlight through-
out the paper, it contains a rich description of user behavior beyond
the traditional MovieLens dataset — data which we believe will
prove useful for designing the next generation of recommender
systems.

2 Procedure
2.1 Economic Model of Decision-Making

First, we document the basic model of user decision-making that
guides the procedure, based on the proposals in [3, 4]. We use the
model primarily to guide what kind of data to collect as well as
what variation we want to generate in our procedure.

We consider that there are I consumers that make a sequence of
choices from a choice set X*, which are the baseline set of goods
available at time ¢. For every good n, we assume that each user i
assigns a monetary equivalent x; , 2 R to the experience of con-
suming it. Each user can value the same good differently. However,
we assume that each user derives utility from money as given by a
utility function u; : R ¥ R, strictly increasing and continuous. In
typical environments where recommender systems are deployed,
these goods are experience goods and so users are uncertain about
how much they will value each good. In particular, even users that
will end up having the same ex-post valuation of good n may differ
in their ex-ante valuation because they hold different beliefs about
it. We denote by p; the beliefs user i has about how she will value
each of the goods in the product space. Each user evaluates the
good according to its expected utility, Epy »u;,xi 5" ...

Each time the consumer enters the platform, they receive a set of
recommendations, denoted r; ;. For now, we remain agnostic to how
this set is generated. We consider that the recommendation directly
shifts the user’s beliefs so that the user’s expected utility following
the set of recommendations is given by Ep, »uj,Xin" j 7i,z.. Thus,
the user’s choice in both scenarios is given by:

NREC ._ e
c; = arg m’?pr8 Ui Xin

szECnri,t" = argmax Epg2uinXin” J Fipo.

The consumer welfare-maximizing choice of r; ; for period t is then

OPT REC ”

rip o Targmaxu; o ,rig
e
,REC w o w o .
where u; Wi = maxBp»ui,xin” | rip. denotes the maxi-
n

mized expected utility given the platform recommendation.
The intuition for this is fairly straightforward. The platform
chooses a slate of recommendations that maximize the user’s utility.
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Using this simple framework, it is also easy to rationalize the ob-
servation of [14] that the most accurate recommendations are not
always the most useful recommendations. This is because the value
of recommendation does not come from an accurate prediction
of u; , but rather from information that shifts beliefs and subse-
quently consumption choices. For instance, recommendations have
no value to consumers whatsoever if they are not effective in con-
vincing the user to change their choices — i.e. chREC = cfEC Wit
Moreover, one can view this as an economic formalism for serendip-
ity as “unexpected” and “useful" recommendations can be specified
as providing information on goods that the user will end up liking
and that they did not expect to like before the information.

2.2 The Data Collection Challenge

The goal of the procedure is to select the set of movies to elicit beliefs
about (denoted M*) and how we sample from this set (denoted Bf)
Guided by Section 2.1 we want to design the procedure so that
we have the necessary variation to (1) characterize the set of prior
beliefs over the space of goods, (2) predict how beliefs map to
consumption, and (3) identify how recommendations shift beliefs.
A natural question is how this data collection exercise differs from
the typical data collection for a recommender system. Unlike ratings
or implicit consumption data, such data is not a natural byproduct
of usage of the platform. For instance, on the MovieLens platform
users will input their ratings for movies that they have seen and,
in many cases, they actively seek out the movies to rate them.
Furthermore, the distribution of movies that users consume follows
a pattern that is only partially impacted by the platform’s choices.
This means that the data a platform has access to for designing good
recommendations is unbalanced across different goods, potentially
impacting the usefulness of recommendations.

An important difference is that the belief data has to be elicited
instead of stemming from consumption activity directly. Conse-
quently, the platform needs to specify which parts of the product
space the collection of this belief data should target for each user
or user type. As such, to tackle challenge (1) we need to design
the procedure in such a manner that we can get a representative
enough sample of users and goods such that we can use the col-
lected data to extrapolate across the full set of beliefs over the
entirety of the product space. In principle, this is possible for the
same reason that both collaborative filtering and content-based
recommender systems work: there is correlation in ratings both
across goods and across users. Indeed, [3] document that this is
the case for belief data collected on the MovieLens platform, which
indicates that standard collaborative filtering and content-based
methods may work to estimate the full set of beliefs. As a result,
we design a procedure to select a subset of movies that we elicit
beliefs about, M?, which can then be extrapolated to the full set of
movies. However, we face a tradeoff in the size of M’: a larger M*
gives us coverage of more movies but with potentially fewer beliefs
per movie, whereas a smaller M’ gives us less coverage but with a
denser matrix of users movies. This impacts both the prediction
problem of estimating the full set of beliefs (challenge (1)) and the
exercise of predicting consumption from beliefs (challenge (2)).

Given sufficient data to characterize beliefs and to predict how
beliefs map to consumption, we could predict consumption without
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recommendation, cfv REC Ty order to know how recommendations
would shift consumption behavior, we need to characterize how
beliefs evolve with recommendations (i.e., p; j rit), which is pre-
cisely challenge (3). In our procedure, we do not modify the baseline
set of recommendations, r;; these continue to be generated via
the standard collaborative filtering algorithm that provides the rec-
ommendations on the platform. Thus, we want our procedure to
elicit beliefs both before and after recommendations, so that we
can understand how beliefs evolve both with and without recom-
mendation. Due to this, we will ensure to choose some subset of
movies from r; ; to show up in Bf .

2.3 Choosing the Set of Goods, M’

We discuss the procedure that we use to choose M, which is com-
mon to all users and refreshed at the beginning of every month. In
order to ensure that we are getting a wide coverage of the set of
possible movies, we design our sampling procedure based on movie
genres.! We denote the set of genres by G. For each genre g 2 G,
define the fraction of movies that are listed under that genre, Sg =
(number of movies of that genre/ total number of movies).? We
construct M? by including movies according to different criteria.
The exact size of M? is calibrated by a parameter y. The criteria for
inclusion are the following:

(i) All-time popularity: the 50y most popular movies within
the different genres G. Popularity is determined by the num-
ber of ratings. For each genre g, the ceil,,sg 50y” movies
with the most ratings within the genre.

(ii) Rating: the 25y movies with the highest rating score within
the different genres G.3 For each genre g, select the ceil,,sg
25y” highest rating score within the genre.

(iii) Popular recent releases: the 10y most popular, recently re-
leased movies within the different genres G. For each genre g,
select the ceil,,sg 10y” most rated movies that were released
within the genre.

(iv) Trendy releases: the 10y ‘trendiest’ movies within the dif-
ferent genres G. For each genre g, select ceil, sy 10y” movies
with the highest trendy score within the genre.?

(v) Serendipity: 5y movies uniformly sampled within the dif-

ferent genres G. For each genre g, select ceil,,s‘gr 5y” sampled
uniformly at random within the genre.

This leads to having M* with approximately 100y movies. While
we have uniform sampling within each genre in the product space,
so that there is a non-zero chance of selecting niche goods, the

IThere are 18 genres defined on the platform: Action, Adventure, Animation, Comedy,
Crime, Documentary, Drama, Fantasy, History, Horror, Music, Mystery, Romance,
Science Fiction, TV Movie, Thriller, War, Western.

2Genres do not partition the set of all movies — the same movie may be listed under
multiple genres — and therefore we expect Yg2 s > 1. This will be dealt with by
removing duplicates.

3The rating score of the movie is given by the product of its percentile in number of
ratings and its percentile in average rating.

4A recently released movie is one that was released within the previous re-
cent_threshold months, where we set recent_threshold = 6.

5The trendy score of a movie is 0 if it has fewer than num_rating_threshold ratings
or if it has had a non-positive change in ratings since the previous month; otherwise, it
is given by (number of ratings today - number of ratings 1 month earlier) In(number
of ratings today - number of ratings 1 month earlier)/ number of ratings today. We set
num_rating_threshold = 100.
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procedure has a bias towards more popular movies and explicitly
accounts for the fact that the set of movies changes over time.

2.4 Choosing Elicited Goods, B!

At any given period, we present 8 movies to user i to elicit beliefs
about, Bf , chosen from M. This appears as a row on the platform’s
homepage. If a user refreshes the page, it generates a new set Bf ,
replacing the movies for which beliefs were already elicited.

We do not sample from the full set of M’ as the user may have
already rated some subset of the movies and we only elicit beliefs
about movies that users have not seen. As such, for a given user
denote Ml.t M as the subset of these that user i has not rated by
time ¢ and Rf Mit the further subset for which there are predicted
ratings for user i at time ¢.5

We choose the set of movies to elicit beliefs about for a user at a
given time period ¢, Bf , according to the following principles:

- Broad Sampling: 3 movies from M lt uniformly at random.

- Elicitation with possible recommendation: 4 movies from
Rf sampled uniformly at random from the top n according to
their top picks (where n = 100). This serves the goal of generating
variation in the set of elicited movies that may also possibly be
recommended, while also sampling from more niche movies due
to individual-level heterogeneity in user recommendations.

- Sample New Movies: 1 movie from Mit that is a recent release.

We impose the additional restriction that we do not elicit a
movie if it was elicited two times in the past three months to avoid
recurrently eliciting beliefs over the same set of movies.

3 Data

We first overview the details of the data collection procedure and
then provide detailed descriptions of the datasets that we release
in order to aide researchers in using them.

3.1 Data Collection Details

We provide an overview of the data collection details and process.
We collect data on the MovieLens platform [10], whose ratings
data constitute a benchmark dataset in the recommender system
community. We still collect the ratings data and users observe
the set of recommendations (“top picks") in the first row on the
platform. Users can input ratings directly on the homepage or via
searching for a particular movie. We do not modify these during
the intervention nor do we modify any of the existing rows. The
only change is that our intervention changes the second row of the
homepage of the platform to ask users about the movies chosen by
the procedure. We do this so that the data collection is non-invasive
and blended into the platform in a non-intrusive manner as our
goal is to collect a constant stream of data without over-taxing
users’ attention. An alternative approach would be to make the
data collection a separate survey, as in [3], but this is much more
®Note that Bg Mg: there may be movies in Rg (with predicted rating) and others

without any predicted rating. This is so that (1) we do not restrict ourselves to movies
with predicted rating, nor (2) require predicted ratings to be computed.
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