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Abstract

This dissertation consists of three experimental studies documenting how structural con-
strains alter economic decisions. The constraints I study are digital in chapter one, and
become institutional later. In chapter one, I study the effects of a specific interface design
feature called autoplay from the perspective of digital nudging and temptation. Using the
intertemporal choice framework, I test whether autoplay causes preference reversals and
increases content consumption. I find that autoplay does not cause an increase in content
consumption compared to the control condition, and that participants are willing to pay
a small positive sum to have autoplay videos. My results suggest the experimental envi-
ronment itself influenced participant behavior, driving down their content consumption
and masking the true effects of autoplay. I conclude by underscoring the need to assess
digital nudges in the field, where decisions take place more naturally. The opportunity
to collect data directly from the field appears in the later chapters, with the subject of
my inquiries changing to institutional factors influencing social capital. In the following
chapter, I study how classroom interactions at a university shapes learning about peer
skills and transmission of opportunities in the form of referrals between classmates. I ask
whether cognitive and social skill signals can be accurately transmitted in the classroom,
and whether referrals can flow to disadvantaged peers by randomly assigning participants
within the same classroom to receive additional incentives. I find that classroom interac-
tion during a semester results in learning about cognitive but not social skill, and that the
treatment with additional incentives to refer disadvantaged peers mitigate biases without
compromising performance. Inspired by these positive results, in the final chapter, I study
university-wide referral networks. I randomly assign participants to a treatment where
on top of receiving earnings based on the performance of their referral, the candidate

they pick gets a sizeable fixed monetary bonus. I find that university-wide referrals go

xXiv



to higher performing students with whom the referrer has taken many courses together,
regardless of the treatment. Referrers are also not biased in their individual preferences
against picking disadvantaged candidates. Yet, this lack of bias does not mean referrals
flow from wealthier to disadvantaged peers. I find that student networks are segregated
by SES, especially in the parts where referrals emerge from, with academic program se-
lection as a key driver of this segregation. With program fees determined by their cost,
and a lack of scholarships, disadvantaged students sort into affordable programs. They
lack the opportunities to meet wealthier peers except in rare courses which were studied
in chapter two. In sum, I find that institutional factors have a crucial role in the accumu-
lation of social capital. As the results from this dissertation shows the beneficial impact
of intergroup contact, future research should look into ways of increasing the exposure of

disadvantaged students to their wealthier peers.
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Chapter 1

Introduction

“Broadly stated, the task is to
replace the global rationality of
economic man with a kind of
rational behavior that is compatible
with the access to information and
the computational capacities that
are actually possessed by
organisms, including man, in the
kinds of environments in which

such organisms exist.”

— Herbert A. Simon

The overall purpose of this thesis is to study and illustrate examples of economic behavior
constrained by structural factors which influence people’s choices. It is motivated by the
long line of literature documenting the ways in which individuals diverge from the homo
economicus ideal, a decision-maker who always chooses the best consumption bundle
among all affordable options (Thaler, 2017). In this introduction, I will demonstrate how
the three chapters link together, and provide relevant theoretical and methodological
background behind the creation of each chapter. I will define and explain concepts as |

introduce them, and also provide a discussion based on my findings.



The first over encompassing theme in this dissertation is digital nudging in the domain
of consumer products (Wendel, 2016), and how the online decision environment shapes
behavior. Within this framework, all firms that present people with choices are choice
architects (Johnson et al., 2012), devising digital interventions including nudges. “[A
nudge| is any aspect of the choice architecture that alters people’s behavior in a pre-
dictable way without forbidding any options or significantly changing their economic
incentives” (Thaler & Sunstein, 2009, p.8). In this sense, the first goal of this dissertation
is studying how isolated nudges in the online decision environment could alter behavior

— a non-controversial extension of behavioral economics literature.

My focus is solely on private sector nudges that can lead to undesirable outcomes for
consumers. The inspiration comes from the idea that “|free markets| create an economic
equilibrium that is highly suitable for economic enterprises that manipulate or distort our
judgment [...| Insofar as we have any weakness in knowing what we really want, and also
insofar as such a weakness can be profitably generated and primed, markets will seize
the opportunity to take us in on those weaknesses.” (Akerlof & Shiller, 2015, p. x). As
Akerlof and Shiller neatly put it, once we accept the plethora of evidence collected in the
last half of the twentieth century on the cognitive limitations of human decision-makers
(Hanson & Kysar, 1999), we must also accept that in the absence of regulation, firms

have inherent competitive pressures to profit from the same limitations.

The experimental study of these nudges within the online choice environment defines the
conceptual scope of the first part of my dissertation. This first theme is self-contained
within chapter one, in the sense that I consecrate a single experiment to this framework.
Chapter one is an experiment about a digital nudge introduced by private firms accused

of tempting people to alter their streaming/social media content consumption.

The second over encompassing theme in this dissertation concerns the sharing of job-
market relevant information within social networks (Beaman, 2016; Jackson, 2008). Con-
sisting of a broad spectrum of interactions within networks that facilitate job matches
between firms and workers, Topa (2019) suggests “[t|hese interactions range from the sim-
ple transmission of information about job openings at a particular firm to the provision
of a referral: namely, recommending a social contact to a potential employer to be hired

for a given position.” They lie on a spectrum, involving different information content



and social costs. On one end, letting someone know about a job involves only knowledge
of the existence of the job opening, no communication between the referrer and the em-
ployer, and very little reputational cost for the referrer. At the other end, recommending
someone to an employer for a given position involves explaining why the referrer thinks
their referral would be a good match for the employer, and a large reputational cost for
the referrer if the new match does not work out as expected. In this sense, the second goal
of this dissertation is the study of how labor-market relevant information inside social

networks propagate.

I focus on the role of social capital in these interactions. According to Lin (2008), ‘cap-
ital’ here describes the investment in valuable resources (as in the role of investment in
education for nurturing human capital), and refers to the process by which it is captured
and reproduced for returns. Social capital in this sense can be defined in two ways. First,
it can be understood as the potential access to resources embedded in a network. This
potential is quantified by “the size of the network of connections he can effectively mobi-
lize and on the volume of the capital possessed in his own right by each of those to whom
he is connected.” (Bourdieu, 1986, p. 251). Second, social capital can also be defined in
terms of its actual use, or ‘mobilization’, which involves selecting specific connections and
their resources (like wealth or status) for a particular goal, such as a job search. T refer
to social capital both from the perspective of one’s access to it and one’s mobilization of
it. Either way, social capital is contingent on social networks, with “networks providing

the necessary condition for access to and use of embedded resources.” (Lin, 2008, p. 58).

My research interest in this part of the dissertation therefore lies in one’s capacity and
use of their connections for the labor market. I build on the fact that having connections
with a higher share of wealthier individuals in one’s network strongly correlates with
higher labor market earnings (Chetty et al., 2022). This piece of evidence, aligning
with the theory presented earlier, suggests that increasing the access to the pool of
embedded resources (in the form of the wealth of one’s connections) within the network

is instrumental in generating measurable returns for the network owners.

Given an exogenous access to a pool of resources inside a network, I am interested in
how the mobilization of social capital, in the form of referrals, can be utilized to access

a bigger pool of embedded resources. After observing the distribution of opportunities



(referrals) in networks and the initial differences in social capital access across individ-
uals, I experimentally study whether these differences can be remedied by incentives in
the mobilization process. In an experimental study in chapter two, I consider skill-based
referrals in a classroom setting, where classmates learn about each others’ skills and group
identities. In chapter three I extend my reach to the entire university networks of the
students and experimentally study how incentives impact university-wide referral deci-
sions. I provide a close inspection of the institutional constraints that limit interactions

across different student groups and sharing of valuable opportunities.

To sum, each of the three chapters thus characterizes situations where decision makers
are constrained in some palpable way. In chapter one, I consider how firms can nudge
people to change digital behavior; in chapter two I consider learning about and referring
classmates when signals about skills are blurry. In chapter three, I look at how incentives
within an institution curb interactions across groups and the sharing of valuable opportu-
nities. Throughout, I focus on the economic consequences of the constraints, either from
the consumers of digital content (streaming and social media) perspective in the first
chapter, or the labor market consequences for hiring using social connections (referrals)

in the last two chapters.

1.1 Temptation and digital nudges

1.1.1 Theoretical background and motivation

The constraints I study are digital in chapter one. I draw heavily from dark patterns
literature,® where user interface designers identify questionable practices in the digital
choice environment that go against users’ best interests. The academic work on the topic
began with various classification attempts based on existing design practices in the web
(e.g., cookie consent banners, default/preselected options) and focused on their malicious
intent while changing behavior (Bosch et al., 2016; Gray et al., 2018). While proving

the malicious intent behind the implementation of design features is an elusive task,

!The origin of the term ‘dark pattern’ comes from Harry Brignull’s website where an initial body of

common industry practices were collected.



meaning we can never know for sure why a firm chooses to implement a design feature
over another, a more convenient normative perspective is focusing on their impact on
individual welfare. From this perspective, “a dark pattern is any interface that modifies

the choice architecture to benefit the designer at the expense of the user’s welfare.”

(Mathur et al., 2021, p. 9).

What constitutes a dark pattern and a digital nudge overlaps to a large extent: Both
are intended to change behavior, but one benefits the firm, while the other benefits
the decision-maker (user). In competitive markets, we can conceptualize private firms’
design choices as "Pareto’ or 'rent-seeking’ nudges (Beggs, 2016), depending on whether
the intervention improves the welfare of both the firm and the customer. Following this
working definition, we turn to the experimental evidence on the effects and the prevalence
of these practices. Between 15 to 20 percent of popular shopping websites contain some
form of a dark pattern (Mathur et al., 2019), and with experimental work showing that
common dark patterns can lead up to a fourfold increase in subscriptions to dubious
services (Luguri & Strahilevitz, 2021). The most striking evidence on how easy it is
to change online behavior comes from cookie consent banner designs in the wake of the
General Data Protection Regulation (GDPR) in EU: Small changes in their design such as
the coloring of buttons, text-size, positioning of the banner, and the order of presentation

of consent options are all found impact consent rates (Grakl et al., 2021; Utz et al., 2019).

I focus on practices, identified by regulators across EU and US as causes for digital

addiction.?

The core idea I build upon is that firms optimize their platforms for con-
sumption at the expense of their users, by strategically modifying the content served on
their platforms and its design to their own liking (Ichihashi & Kim, 2022). A relevant
and illustrative account —albeit anecdotal of how this type of digital nudging worked in

practice is below:

“I'm the dev that built Netfliz’s autoplay of the next episode. [...] When I worked there
the product team at Netfliz had two KPIs all new features were tested against: hours
watched and retention. We would come up with all sorts of ideas to try out, and release

them to small user populations of about 100,000 or so. It was great because you didn’t

2T refer to US SMART Act of 2019, S. 2314, 116th Congress, and the upcoming EU Digital Fairness
Act.



have to debate much about whether a new feature was a good idea or not, you just built
it and tested it. If the feature didn’t increase hours watched or retention in a statistically

significant way, the feature was removed.

Autoplay massively increased hours watched. I can’t remember the exact numbers, but it
was by far the biggest increase in the hours watched KPI of any feature we ever tested.
There was some skepticism about whether the number was inflated by Netflix continuing
to play when the user left the room. [...] So yes, Netfliz wants you to spend more hours
watching Netflix and the product team is scientifically engineering the product to make
it more addictive. But...the product team at Doritos does the same thing.” (anonymous

Netflix developer, 2019).

1.1.2 Methodological background

Inspired by this, my first chapter provides a laboratory experiment on the effect of a
specific interface design feature — autoplay — on content consumption. I use a foundational
methodological framework in economics called intertemporal choice. This framework
deals with decisions whose consequences unfold over time, requiring people to weigh the
costs and benefits that occur at different points in the future. Practically, intertemporal
choice applies to almost all our daily decisions, from how much to save versus spend, to

whether to exercise now or postpone it.

A central idea within this framework is that people often exhibit present-focused pref-
erences (Ericson & Laibson, 2019), characterizing the tendency for people to be more
impatient about rewards available right now compared to rewards available later. When
faced with an immediate choice, people are more likely to select an action that gener-
ates instant satisfaction or pleasure, even if they might choose a more beneficial, but
delayed, option if the decision were for a future time. Meta-analytic evidence supports
the existence of present-focused preferences, with estimate sizes depending on study char-
acteristics (Imai et al., 2021). This ‘informal’ description of present-focused preferences
highlights that sometimes people act more impatiently for the present than they do for
the future.



A classic illustration of present-focused preferences is seen in preference reversals. For
instance, people might prefer to choose fruit over unhealthy snacks if that choice is for a
week in the future. However, when the moment to choose arrives, the immediate urge and
temptation for the snack often overrides the longer-term, healthier preference (Read &
Van Leeuwen, 1998). The idea is that for future plans, people tend to select the ‘healthy’
or ‘optimal’ option, but in the immediate moment, temptation takes over and sways
the decision. This immediate pull towards instant gratification or away from immediate

displeasure (like postponing a tedious task) generates immediate experienced utility.

We can apply this concept to understand ‘digital temptation’ (Kleinberg et al., 2022), and
draw an analogy between content consumption and food consumption. Just like someone
might feel ‘hungry’ for a snack, people can be ‘hungry’ for content. In the long run, people
would plan for an ‘optimal’ or ‘healthy’ digital consumption pattern. However, at the
immediate moment of consuming content, temptation kicks in and alters these decisions.
The degree to which content is tempting, and thus capable of swaying immediate choices,
is shaped by what digital platforms offer and, critically, how they present it from a user
interface design perspective. Focusing on the user interface design, I hypothesize that
autoplay videos are more tempting than click-to-play videos, holding all else, including
content, equal. If autoplay is indeed more tempting than click-to-play, people should
consume more autoplay video content at the present moment than they would in the

click-to-play condition.

I designed a two-day experiment to measure the temptation of autoplay and its cost to
productivity, linking it to the welfare impact of dark patterns. On the first day, partici-
pants made consumption plans for the future. On the next day, they could either follow
their plan or deviate from it when the time came to act. More specifically, across two
days, participants determine how much time they would allocate between a productive
but exhaustive task where they earn a slightly higher wage versus a leisure task that
pays slightly less. At the heart of the trade-off is that labor is costlier than leisure per
seconds spent at the task. My conjecture is that the combination of effortful labor and
tempting leisure should lead me to observe a snack-fruit type reversal in present versus
future decisions across the two dates. Crucially, I randomize my leisure offer: half the

participants have autoplay and the other half have click-to-play videos, while keeping the



content shown in both treatments identical.

1.1.3 Summary of findings and discussion

To my surprise, the first finding is that my decision environment cannot be characterized
by present-focused preference revearsals, as most participants spend more time on the
effortful labor task than they intended a day ago. Instead, my decision environment
is akin to studies where participants have a preference for improving sequences (Bhatia
et al., 2021; Kahneman et al., 1993; Loewenstein & Prelec, 1993) — an under examined
part of the literature where people to end up pushing leisure to later consumption stages.
These time preference studies found that people at times decide for having the unpleasant
experience (working) first and enjoy later. Aligning with their findings, experimenter
demand effects resulting from my design choices (e.g., the earnings difference between
tasks) have indeed shifted attention away from the leisure task, with participants getting

more work done and confounding treatment effects.

I interpret this result as a critique of my own methodological approach, which prioritized
a controlled setup over creating a setting where video consumption occurs naturally. “The
time preference literature is often summarized as a list of stylized facts (e.g., people are
impatient, discount functions are hyperbolic, people prefer improving sequences). This
characterization falsely suggests the existence of a small set of robust psychological phe-
nomena which measurement procedures merely record. In reality, many of the widely
cited, stylized ‘facts’ remain facts only by virtue of an unwitting convergence in research
methodologies. Those studying time preferences should use more diverse measurement
procedures and devote more attention to the question of how respondents resolve incon-
sistencies among them.” (Frederick & Loewenstein, 2008, p. 232). Because the framing
of questions and study design have such deep implications, a different setup could have
resulted in findings that aligned with my initial hypotheses. Still, that design would have
once again prioritized neatly prepared tasks —in lieu of studying the decision-making envi-
ronment where actual consumption decisions occur. Frederick and Loewenstein’s critique
raises the question whether my time preference approach was the right way to study

autoplay, and whether a simpler approach in a field experiment would have been more



appropriate.

As participant attention shifted from watching leisure videos, I find that there is no
difference in terms of the content consumed between the two groups who were randomized
into autoplay or click-to-play conditions. An unexpected finding as evidence from the field
points to an effect, where autoplay increases content consumption (Schaffner et al., 2025).
I conjecture that this could point to two culprits. The first one is my methodological
approach inside the lab as discussed above, which I label the context, and second, the
content. Indeed, content may also play a role in what makes autoplay addictive: think
animal documentaries versus celebrity gossip, where would autoplay be more ‘tempting’?
I deliberately served identical videos to all participants to isolate autoplay. I curated
these among popular videos from YouTube and TikTok, with the topic of the videos
chosen by a majority vote between pretest participants from the same population as the
study sample. Despite these, my content offered no algorithmic personalization or choice.
In this sense, autoplay may not be problematic if people think the video content is not

tempting in the first place.

To support this conjecture, I report findings from the Willingness to Pay (WTP) block
of the same experiment conducted at a later date. Participants in this second block are
willing to spend a small positive amount to keep autoplay on, considering autoplay as a
useful feature worth giving up earnings for. This is a second revealed preference evidence
against the temptation hypothesis. Further, autoplay, by removing the explicit decision
to consume the next content, speeds up consumption of content. While both conditions
consume the same number of videos, participants in autoplay condition spend more time
working due to this phenomenon. The amount participants are willing to pay for autoplay
is very close to the amount of money lost by clicking to play each video in the absence of

autoplay. These point to some efficiency gains in content consumption made by autoplay.

Combining the content with the context, I conclude that my experimental setup, where I
tracked every second spent on leisure instead of a higher paid work task, ultimately failed
to capture to the real-world autoplay video consumption phenomenon that I intended to
study. The lessons learned from this first experiment are invaluable, and have led me to

alter the type of contextual settings I wanted for the second part of my dissertation.



1.2 From the laboratory to the field

The onset of this dissertation was to examine a bundle of design features suspected to
change behavior and document how they would go against users’ preferences using the
economic toolbox as exemplified above. Yet, the conclusion of my first chapter led me to
desire a more naturalistic setting where I would be closer to the field, in the remainder
of my research. Events during the second year of my program made it so that I could get
experience working with experts conducting research in the field, but to do so, I needed
to change my focus to studying the social and institutional constraints instead of the

digital ones.

Thus, in the remainder of my dissertation, my conceptual focus switches to the social
and institutional, considering a higher education setting and studying how the implicit
or explicit incentive structures within it shapes students’ accumulation of social capital.
For both second and third chapters, I work in the same university setting in Colombia, as
I have access to the student body for running experiments and admin data to supplement
my analyses. For this reason, I believe the partner university and the higher education

setting in Colombia merit an introduction.

Colombia has very high levels of economic inequality as measured by the Gini coefficient
(United Nations, 2023; World Bank, 2024). Tt implies that the income difference between
the richest and the poorest in the population is extreme. This translates into a segregated
society where educational outcomes are very different depending on socioeconomic status
(SES). In addition, the share of students enrolled in private higher education institutions
is much higher than in OECD average, standing at 47% vs. 30% (Villegas, 2021). This
high share implies that private schools offer a diverse range of quality, catering to both
higher and lower performing students. As a consequence, children from wealthy families
typically attend exclusive, high-quality private schools, while children from poorer families

attend public schools or private schools of regular to poor quality.

Many families, including those from middle and lower-middle classes, choose private ed-
ucation even when low- or medium-cost private institutions do not offer demonstrably

better academic quality than comparable public ones (Fergusson & Florez, 2021). Gar-
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cia Villegas and Cobo (2021) attribute this to families seeking status and social distinction
through education, which provides not only cultural signals (specific ways of speaking and

behaving) but also social capital by granting access to more privileged individuals.

Against this backdrop, certain non-elite but private institutions —like our partner university—
cater to a large group of students, and create an opportunity to mix between the rich
and poor. My research capitalizes on this diversity, where different social groups coexist
within the same educational setting. I evaluate whether the opportunity to mix across
SES groups translates into meaningful social outcomes in terms of referrals. The field
setting therefore allows me to explore the economic consequences of private education
at a key moment in student life. Going back to our initial definition, knowing high-SES
(wealthy) individuals does not equal having them as contacts who would pass on opportu-
nities, as access does not imply mobilization of social capital. The university environment
simply satisfies the precondition for a relationship which may or may not evolve. Put

differently, I ask whether the fees paid for private education translate into social capital.

1.3 Learning about peers when signals are mixed

In chapter two, we start by looking at how much cross-SES interaction happens within the
classroom, which qualities (skills) of their peers students can observe, and whether we can
remedy inequalities by redirecting referrals to low-SES classmates without compromising

the performance.

1.3.1 Theoretical background and motivation

One part of our motivation comes from the advances in the human capital literature within
the last two decades. Human capital theory refers to the now widely accepted idea that
education, training, and other forms of learning are investments that pay off in the future
(Becker, 1964/1993). To be clear, capital here consists of the resources devoted to the
preparation of labor in the form of education and training. Deming (2022) summarize

the recent advancements in the field under four stylized facts: First, human capital, as
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the sum of the learning investments made, explains a substantial share of the variation in
labor earnings within and across countries. This positive relationship between schooling
quantity and future earnings is one of the most accepted findings in social science. Second,
human capital investments have the highest economic returns in early childhood and
decrease with age, referring to the famous Heckman curve where earlier investments
cascade over time (Heckman, 2006). Third, to produce more foundational skills such as
numeracy and literacy, resources (money spent on education) are the main constraint.
Finally, ‘non-cognitive’ and ‘social’ skills such as problem-solving, conscientiousness, and
teamwork are increasingly economically valuable (Deming, 2017; Heckman & Kautz, 2012;
Lindqvist & Vestman, 2011; Weinberger, 2014), but are harder to measure and develop
than the foundational skills.

Relevant for us are social skills, whose returns roughly doubled in the period between
1980 and 2000 (Deming, 2017; Edin et al., 2022). In other words, workers with higher
social skills —given their cognitive skill - earned increasingly more for their skills, as the
share of collaborative work has increased with time. Deming (2023) identifies two issues
with the measurement of social skills. First, measures of social skills consist mostly of
self-report questionnaires instead of behavioral outcomes. Second, there is a problem of
scope and clarity. What skills are ‘social’, and do all social skills lead to more returns? For
example, my work on social skills in this chapter solely focuses on the ability to recognize
others’ emotions, a strong predictor of team performance (Weidmann & Deming, 2021).
Regardless, social skills are found to be both harder to discern compared to cognitive
skills by recruiters, and difficult to convey credibly by workers (Bassi & Nansamba, 2022;
Caldwell & Danieli, 2018). To make things worse, people have difficulties telling lies
apart from truth in face-to-face interactions (Serra-Garcia & Gneezy, 2021), which could
further confound the signals from workers during the hiring process. This difficulty in
observing social skills creates an information asymmetry in hiring. My research, therefore,
asks whether we can solve this information asymmetry by using peer referrals to identify
individuals with high social skills. To compare how well social skills are recognized in

comparison to cognitive skills I will ask students to refer classmates for both.

The second part of the motivation is the contact hypothesis (Allport, 1954), which broadly

describes the negative correlation between intergroup contact and prejudice (Pettigrew &
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Tropp, 2006). While the original formulation specifies that reduced prejudice will result
when four scope conditions for the contact situation are met,® recent work suggests con-
tact itself is, in most cases, sufficient in reducing prejudice (Paluck et al., 2019). A subset
of these studies leverage random assignment in college dorms, where researchers evaluate
the impacts of having roommates from a different race group. Findings suggest increased
support for affirmative action and frequency of contact with other members of the said
group (Boisjoly et al., 2006; Carrell et al., 2019), reduced prejudice as measured by the
Implicit Association Test (IAT) as well as positive impact on the academic performance

of the students in the disadvantaged group (Corno et al., 2022).

By fostering connections among students from different social groups over many years,
educational settings tend to create favorable, i.e., collaborative and on equal status,
intergroup contact opportunities. For example, classroom exposure to poor classmates
makes rich students more prosocial, and more willing to socialize with other poor students
(Rao, 2019). Further, collaborative contact in the context of team sports increases cross-
group friendships and time spent together, as well as reducing own-group favoritism
(Lowe, 2021; Mousa, 2020). Finally, careful allocation of seats within the classroom
creates more diverse friendships (Rohrer et al., 2021), and mixing tends to improve grades
for low-SES students (Van Ewijk & Sleegers, 2010). These suggest intergroup contact in
educational settings can attenuate cultural differences between groups, generate positive

feelings of trust and empathy, and can even facilitate social mobility for the poor.

1.3.2 Methodological background

The methodological inspiration directly originates in the groundbreaking work from the
literature in referral experiments. To illustrate their commonalities, I will present two
of the foundational studies. In the first one, Beaman and Magruder (2012) created an
objective task (with clear success and failure criteria) measuring cognitive ability and
hired day laborers from the market. They first assessed the performance of the initial

batch of workers using their task, looking at variables such as time to complete, successful

3These are equal status between groups, common goals, cooperation, and institutional support (e.g.,

authorities, law, norms)

13



completion, and incorrect attempts. At the end of the task, the workers were offered
payment to return with a referral, and were specifically asked to bring in candidates
who they thought would perform well at the same task. The initial batch of workers
was randomized into different incentive schemes to refer, with some being offered a fixed
payment regardless of their referral’s performance, and others being offered a guaranteed
sum plus a contingent bonus based on the referral’s performance, should they bring a
referral. While this setup did not allow observing the workers’ entire referral choice set,
i.e., all individuals among whom they can select a referral comprising their social network,
we could still observe whether they decided to bring a referral, and how well their referral
performed in the task. Referred workers in the experiment exhibited significantly higher
performance compared to the initial batch of workers. High-performing workers were
capable of selecting highly skilled referrals, but only did so when their own pay was tied
to the referral’s performance. The evidence from this experiment supports the idea that

referrals contain productivity information when referrers are incentivized appropriately.

In the second study, Pallais and Sands (2016) used an online labor market to directly
measure performance for both referred and non-referred workers. Researchers first hired
a set of experienced workers to perform tasks, and solicited up to three referrals from
these workers. This time, workers were not incentivized to make a referral, but had
implicit incentives: making high-quality referrals could improve their relationship with
the hiring firm. They then invited referred workers and a random sample of non-referred
workers to apply for a different set of tasks, hiring all applicants under a given wage.
The experiment randomized referrals into treatments to test whether referred workers
performed better because they worked with the referrer (team production), because the
reputation of the referrer was at stake (moral hazard), or simply because the referral
contained information about the quality of the worker (adverse selection or learning).
In the information treatment, a new firm (with a different name, location, job posting,
and writing style) made direct job offers to all referred and non-referred workers from
the earlier peer influence experiment sample. Workers were asked to visit the Twitter
pages of three musicians and answer a 10-question survey about those accounts daily for
5 consecutive days, a task that was designed as an individual diligence task over time.
Referred workers demonstrated substantially higher performance and exhibited lower

turnover compared to non-referred workers. Referrals from high-performing referrers and
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those with stronger social ties to their referrers were found to be particularly informative.
Once again, results supported the idea that referrals reveal information about the quality

of the worker.

The design features common in both studies are creating an objective measure such as a
test, or a job, and hiring workers from the market. Researchers then assess the perfor-
mance of the first batch of workers, and then ask them under different incentive schemes

to bring in (refer) qualified workers for the job. We modify this methodological setup and
leverage our educational setting, where we collect objective performance measures from
students who complete tasks to earn money. Our tasks consist of two incentivized tests
for cognitive and social skill. Departing from earlier work, we first collect performance
measures from all individuals who could potentially receive or send referrals, including
all peers in the classroom. This way, we ensure that both classmates who make referrals
and those who receive them complete the same skill tests before making referrals. We
then solicit three referrals among classmates for each task, where we incentivize referrers
based on their referral’s performance in the skill tests. This modified setup allows us to

compare those who get more referrals to the rest of the classroom.

Students in our setting, most of them who are in the beginning of their second year
at the university, choose to take two compulsory attendance classes depending on the
availability in their schedule. Their choices result in mixed classrooms across academic
programs, and SES. After spending a semester in small classrooms with less than 30
students, we individually assess students’ cognitive and social skills first and then ask
for classroom referrals, paying referrers (senders) on the basis of the skill test scores of
their referrals (receivers). We define by referrals a recommendation task where referrers
choose the names of their referrals from a list of all classmates. This task is anonymous,
and done privately: We do not contact the individuals who receive referrals. Referrers
do not know how well their peers did in these tests, but we hypothesize that classroom
contact results in learning about the skills of their peers. Using randomized assignment,
we incentivize half of the students in the classroom to refer more among their low-SES

peers, without compromising skill performance.
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1.3.3 Summary of findings and discussion

We first look at whether receiving a higher share of referrals in the classroom is related
to the students’ skills. We find that while in class interaction results in classmates rec-
ognizing cognitive skill, social skill is not captured in referrals. One reason this could be
is because of our measure of social skill, a multiple choice emotion recognition test where
participants look at portrait photos of people, called the Multiracial Reading the Mind
in the Eyes Test (Kim et al., 2022). It could also be that social skill is harder to observe
compared to cognitive skill. Inspired by the idea that social skill is harder to observe in
the classroom, we separate referrals made by the same referrer. When classmates referred
the same person for both social and cognitive skills, we find that academic grades were a
better predictor of receiving a referral than actual skill test results. We conjecture that in
the absence of a clear signal about their peers’ skills, students used grades as a proxy for
both skills. For unique cognitive skill referrals (choosing the person only for a cognitive
skill referral), classmates refer based on grades and cognitive skill test score alike. This
suggests meaningful cognitive skill information is conveyed to classmates. For unique
social skill referrals, however, we find classmates refer neither based on grades nor skill
test scores, supporting the idea that classmates have no information about the social skill

of their peers.

We then look at whether receiving a higher share of referrals in the classroom is dependent
on student SES. We find no general SES bias in referrals for comparable students with
same test scores and grades, suggesting classroom diversity is effective. There is a small
SES bias in referrals in unique cognitive skill referrals, resulting in qualified low-SES
getting a lower share of referrals in the classroom, but this is entirely mitigated with the
additional incentives in the treatment. We support these results with an additional SES
guessing task, where we find that classmates are better than chance at identifying low-
SES and high-SES peers, which suggests the cross-SES interaction takes place despite
students being conscious of apparent SES differences between students. These results
from the point of view of the contact theory are overwhelmingly positive: When different
SES groups interact inside the classroom, they tend to learn about each other’s labor
market relevant skills to some extent, and overall are not biased against disadvantaged

low-SES peers.
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To sum, this chapter is an attempt at capturing the concrete effects of intergroup contact
on equal status during a reasonably long period. Our findings indicate that students know
each other’s academic performance and cognitive skills well enough to make successful
referrals after interacting. While we do not provide a concrete before and after test for
the extent of the learning, we conjecture that learning is due to time spent inside the
classroom. Providing a formal test for this could be an interesting avenue for future
research. Further, SES biases in the referral decisions are limited and can be remedied
by easy-to-implement incentives for low-SES, which we show that do not impact referral

performance in skill test scores or grades.

The crucial lesson from this chapter is that classroom interaction across SES leads to
positive outcomes which are translated into, or captured by, referrals. In this sense,
families paying to access private educational institutions in the Colombian setting are
getting returns for their investments in the form of both accessed and mobilized social
capital — so long as disadvantaged students are in the same classrooms with wealthier
peers. In the next chapter, we will address the question of how often these cross-SES
interactions take place at the broader —university— level, and demonstrate the extent of

the social capital created when constrained by institutional factors.

1.4 Sharing opportunities via referrals and the role of

institutional constraints

The questions of interest emerging from the earlier chapter revolve around the finding that
classroom contact across SES has tangible benefits in terms of social capital acquisition.
Yet, a single class is not sufficient to assess the extent of social capital that would be
created at university. Acknowledging the need to go broader, my inquiry in this chapter
encompasses students’ entire university network. In chapter three, we create a university
network for the students at the partner institution, and combine it with a network-
wide referral task instead. Methodologically, our design closely resembles the earlier

experiment in chapter two.
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1.4.1 Theoretical background and motivation

The motivation for this study is grounded in the literature on homophily in social net-
works, defined as the tendency of similar individuals across observable characteristics
—including SES— to connect more often, with the intensity of association getting stronger
as the similarity between individuals increases (McPherson et al., 2001). Homophily
implies higher levels of similarity between closer ties in their frequency of interaction,
shared sentiment, and shared resources; with individuals who are close in relations hav-
ing a tendency for similarity also in terms of social capital (Lin, 2008). When individuals
seek returns in resources, as in wealth, power, or a job, the ‘value’ of their network is
conditional on the quality of its embedded resources. If the individual is relatively poor
in resources, the homophily principle dictates that their closer ties will also likely in-
volve connections with relatively poor resources. In this sense, homophily may lead to
networks of SES groups within the same university to segregate and accumulate social
capital differently, despite classroom interactions when taking the same classes. It would

have consequences for ‘accessing’ and ‘mobilizing’ social capital in university networks.

When ‘mobilizing’ social capital by making referrals from the university networks, ho-
mophily can materialize in two ways (Currarini et al., 2010). First, homophily can man-
ifest itself as a bias in the chances of referring a different ‘type’ of individual (low- or
high-SES), equivalent to picking an individual at random from either group. We can
measure how dissimilar the SES compositions of low- and high-SES networks are: the
group-shares of each type in the networks of low- and high-SES determines the extent
of this bias. This type of homophily closely follows the ‘access’ principle, where not
meeting members of the other group lowers the chances to refer them. Second, given the
group-shares in the university networks, homophily could manifest itself as a bias in the
preferences of individuals over the types of their referrals. This is dependent on whom
a student refers from their university network. At the group level, we can measure how
dissimilar actualized referrals are in comparison to the average university network compo-
sitions, and determine the extent of this bias. Our goal is to characterize the extent and

the role of both types of SES-homophily when ‘mobilizing’ social capital at university.

18



1.4.2 Methodological background

The methodological foundation for creating university networks follows Kossinets and
Watts (2009), who build student networks based on the shared classes between students.
A connection between two students is created if they took the same class during one
semester, and the number of shared classes students take together define the tie strength.
Following our earlier definition of social capital along with Chetty and colleagues’ work,
we consider how large an individual’s university network is, what share of their network
is composed of high-SES peers, and how strong the relationship between the network
members are. To go beyond descriptive characterization of university networks, we con-
duct a referral task within these. This time, we ask for referrals based on the nationwide
university entry exam. We have entry exam scores and SES data for all individuals
who send referrals (all participants who join the experiment) and those who could po-
tentially receive them (all peers within the participant’s university network). From this
rich dataset, we compare the outcomes of those who get referrals with the rest of the

university network.

Like our earlier experiment in chapter two, we asked for referrals with an objective per-
formance measure, with incentives for the referrers (sender) depending on their referrals’
(receiver) score in the university entry exam. We randomized half of the referrers to
a condition where their referral would earn a sizable monetary bonus. The treatment
was set to evaluate how the additional bonus would impact referral performance and tie

strength between the referrers and their referrals.

1.4.3 Summary of findings and discussion

We first understand how referrals are made from the university networks. Despite having
a large number of potential referral candidates, in contrast to the classroom setting of
chapter two, we find that referrals consistently go to higher performing students with
whom the referrer has taken a very high number of classes together. Surprisingly, the
additional bonus for the referrals has no effect on neither the referral’s performance in

the exam nor the number of classes taken together with the referrer. We interpret this as
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referrals going to close social contacts regardless of the incentive structure. Aggregating
referrals made by SES groups, we find a significant same-SES bias for low-SES referrers
but not for other SES groups. In other words, we only observe bias in the preferences of
low-SES over the types of their referrals. This is a positive note on how referrals are not

putting low-SES at a disadvantage even on the larger, university scale.

Yet, the lack of bias in the preferences does not imply that referrals flow from high-SES
to low-SES in abundance and that the intergroup diversity works flawlessly for increas-
ing social capital. With SES groups having similar shares in networks compared to the
university averages, network compositions are overall balanced. However, this balance
disappears when looking at stronger ties. As the number of shared classes between stu-
dents increases, the share of same-SES peers in their networks dramatically rises. In
other words, the networks of different SES groups segregate as students’ relationships
strengthen through repeated interaction. In the range of tie strength where most refer-
rals occur, high-SES students have about half as many low-SES peers in their networks
compared to the university average. In terms of Currarini and colleagues’ language, the
chances to meet at this part of the network is so low that referrals to low-SES are almost

non-existent, even without the bias in referral preferences.

What causes these dramatic changes in network compositions? With 93% of referrals
going to peers within the same academic program, and the number of electives within
programs being at most 25% of all courses, program selection single-handedly drives the
differences in network compositions as the number of courses taken together increases.
The university prices programs based on their cost —with differences in yearly fees reach-
ing up to 6 times between some programs. Further, less than 5% of students receive
any scholarships. Looking at the distribution of students at the university across these
programs, we find strong evidence for SES-based program selection: Low-SES sort into

affordable programs, and high-SES are dominating the more expensive ones.

Institutional constraints, in the form of program fees, play a crucial role in segregat-
ing students at university by SES. The combination of fixed-costs (program-fees) and
financial pressure results in suboptimal levels of investment for low-SES, impacting even
occupational choices (Galor, 2011). Becker (1964/1993) illustrates the argument in four

points. First, it is inherently difficult to borrow funds to invest in human capital because
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it cannot be offered as collateral. Second, investment often depends on internal financing
(such as family resources). Third, for individuals without sufficient family wealth, the
necessity of external funding to cover tuition fees and foregone earnings (earnings differ-
ence between earlier vs. later entry to the labor market) drives up their costs. Finally,
poorer families may even need to finance investments by reducing their own consump-
tion, which further discourages expenditure on children. Therefore, when investments are
constrained by limited access to funds, poorer families are prevented from making the
wealth-maximizing investment in their children’s human capital. This situation leads to
lower total investment in education for low-SES individuals and implies that the marginal
rate of return on their investments tend to be higher than in richer families. To sum,
the differences in the availability and cost of funds not only limits the accumulation of

human capital. As we have seen it also has implications for social capital.

Based on the literature, I briefly discuss two policy solutions for future research. One
solution typically risks adding burden to the public sector or reducing profit margins
of the private institutions as it requires financing. It consists of providing conditional
cash transfers (CCTs) or educational vouchers to disadvantaged students. These are
financial support schemes to low-SES households on the condition that they invest in
the human capital of children. Meta-analytic evidence consistently shows positive effects
of CCTs on enrollment levels and attendance, while evidence on learning outcomes, test
scores, and future earnings remains mixed (Garcia & Saavedra, 2023). Similarly, results
from educational voucher interventions are inconclusive, with effects varying significantly
across institutional contexts and implementations (E. Bettinger, 2011). The substantial
costs and mixed results on educational performance stemming from these programs have

prompted researchers and policymakers to explore different options.

The university admissions and financial aid application processes represent a significant
administrative burden which can be especially challenging to navigate for disadvantaged
students. Further, various financial support schemes are already in place in many higher
education institutions, including in our partner university. The second solution centers
on overcoming institutional barriers with low-cost behavioral interventions, focusing on
simplifying communication, correcting beliefs, and setting effective defaults. Consisting

of non-financial interventions, these focus on better allocating existing resources to eli-
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gible candidates. The current consensus among researchers is that they are promising,
National Academies of Sciences, Engineering, and Medicine (2023) and Dynarski et al.
(2023) both reporting robust successes across various outcomes. Most relevant to our
context are the increases in student aid take-up by information provision and assistance
(E. P. Bettinger et al., 2012; Herber, 2018; Hoxby & Turner, 2013), as well as correcting
misperceptions about eligibility status (Riedmiller, 2025). Because these interventions
provide easy to export and low-cost solutions to increase take-up in existing student aid
programs, I recommend future research to try implementing these at first in order to ad-
dress inequalities in higher education, both in terms of human capital and social capital

acquisition.

To sum, this chapter attempts to capture the aggregate effects of intergroup contact
across SES at university. Our findings indicate that students from different SES groups
have limited interactions throughout their university experience. While the lack of bias in
individual preferences against low-SES referral is indeed a positive outcome, the cascading
institutional structures that limit interaction between low- and high-SES prevent the
creation of meaningful connections between the two groups that result in the transfer of
beneficial opportunities. In Bourdieu’s definition, these valuable high-SES connections
that the university environment provides cannot be leveraged by the low-SES, and thus,

gains in social capital from the university are limited.

The main takeaway from the last two chapters is that while classroom interaction across
SES leads to positive outcomes, the opportunities for different SES individuals to interact
at the university level are severely limited. At least in the ways we have measured
social capital, families paying to access private educational institutions in the Colombian
setting may get much higher returns for their investments if institutional changes can be
made to increase the frequency of classroom interactions with wealthier peers. Future
research should address how cross-SES interactions can take place more frequently at the
university level, as the evidence collected in these chapters demonstrate the benefits in

terms of social capital for disadvantaged individuals.

The remainder of the dissertation consist of individual chapters following the order in
which they were discussed here. I begin with the chapter on ‘temptation and digital

nudges’, continue with the chapter on ‘learning about peers when signals are mixed’, and
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close with the chapter on ‘sharing opportunities via referrals and the role of institutional

constraints’. T then provide a brief conclusion for the entire dissertation.
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Abstract

Interface design features can ‘nudge’ consumers to take certain actions and are often ac-
cused of promoting addictive online behavior. A prevalent design feature across popular
social media and streaming platforms is the autoplay default. In this study, I present an
incentivized online experiment investigating whether the autoplay feature can cause an
increase in undesired video consumption, and elicit the willingness to pay for commitment
against autoplay. In a two-day study, I recruited a total of 236 participants to allocate 20
minutes between two tasks: Transcribing meaningless characters and watching funny ani-
mal videos. Time allocation decisions were planned a day before and realized on the next
day. I randomly assigned participants to either autoplay or click-to-play media controls
while keeping the video content constant. I find that the autoplay feature, in isolation,
does not override participants’ planned time allocation for media consumption. In ad-
dition, participants exhibit a positive willingness-to-pay for autoplay (6.72 pence/hour),
perceiving it as a convenience feature rather than a self-control problem. Experimenter
demand effects and lack of content appeal result in participants allocating more time to
the transcription task than planned, confounding the effect of the autoplay treatment.
These results suggest that design features promoting potentially addictive behavior like
autoplay are better studied in field settings where content consumption occurs naturally

alongside algorithmic personalization.
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2.1 Introduction

Autoplay is a design feature that automatically provides users with new video content
without any action. It has become a familiar sight in the user interfaces of major social
media and streaming platforms over the last decade,? and has been described as a default
nudge that reduces the autonomy of users (Lukoff et al., 2021; Schaffner et al., 2023).
Autoplay’s widespread adoption and concerns about its restriction of users’ freedom of
choice have also attracted regulatory scrutiny, with policymakers from both sides of the
Atlantic proposing to ban platforms from serving autoplay content due to its contribution

to addictive online behavior.?

While autoplay is pervasive and tends to increase viewing times (Chen et al., 2025; Hiniker
et al., 2018; Schaffner et al., 2025), its impact on user welfare and the mechanisms driving
this effect are not well understood. Does the increase in consumption go against users’
wishes, or does it merely remove frictions to help them achieve their desired consumption
levels? Can we attribute the increase in consumption to autoplay in isolation, or does it
also depend on the supply of content? To isolate the causal effect of autoplay on content
consumption and its welfare consequences, I designed an experiment holding constant
the video content displayed to users while eliciting their preferences related to content

consumption before the actual consumption occurs.

I dedicated the first block of the experiment to measure the differences between planned
and realized allocations. I recruited 184 participants who allocated 1200 seconds (20

minutes) between two tasks. The tasks involved seconds of transcription of random

2As of 2025 these platforms include Facebook, Instagram, Netflix, YouTube, TikTok, and Twitter
(currently X). Twitter first introduced autoplay in 2015, and described it as a means to reduce “extra

effort” in the number of clicks/taps required to consume content.
3See US SMART Act of 2019, S. 2314, 116th Congress, and the upcoming EU Digital Fairness Act

currently in discussion.
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character sequences at 0.15 pence/second, and seconds of watching funny animal videos at
0.1 pence/second. On the first day, participants got familiar with tasks and made planned
allocations using the strategy method. On the following day, participants realized their

time allocation decision without constraints.

To isolate the causal effect of autoplay on the realized time allocation decisions, I ran-
domly assigned participants to either the Autoplay or Control condition. In the Autoplay
condition watching task videos played continuously. In the Control condition partici-
pants explicitly clicked to play each video. I held constant the content by presenting 80
manually curated “funny animal” videos from YouTube and TikTok in identical sequence.

This eliminated algorithmic content curation and personalization as potential confounds.

In a second block of the experiment, I modified the design to elicit demand for a com-
mitment device. I recruited 52 additional participants who made binary choices over
their preferred autoplay setting (on or off) for nine bonus payments ranging from 5 to 50
pence. I implemented one of these decisions at random, determining both the autoplay
setting for the next day and the associated bonus payment. This allowed me to measure
participants’ Willingness To Pay (WTP) for autoplay in advance, providing insight into
whether participants viewed the feature as beneficial (positive WTP) or as a self-control

problem requiring a commitment device (negative WTP).

I report five key findings. The first set of results focuses on my preregistered* hypothesis
that autoplay would cause an increase in video content consumption. I find no evidence
supporting this hypothesis. Participants in the Autoplay condition watched statistically
indistinguishable numbers of videos compared to the Control condition. Autoplay condi-
tion also had no significant effect on the proportion of time spent on either task. These
results also hold for other engagement metrics (i.e., average transcribing/watching session

length, or the number of transcribing/watching sessions).

Second, participants viewed autoplay as beneficial rather than problematic. Contrary to
my hypothesis that participants would demand commitment devices against autoplay, I
find a positive WTP for the feature. Using data from the second block, I estimate an

average WTP of 6.72 pence/hour. Autoplay is perceived as a convenience feature rather

4Access the preregistered hypotheses.
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than as a threat to self-control, aligning with earlier research (Bongard-Blanchy et al.,

2021; Schaffner et al., 2025).

Third, comparing planned time allocations to realized ones, I find that participants con-
sumed significantly less content than their day 1 plans implied in both conditions. The
decrease amounts to 35% less time spent on the watching task. This result is driven
by 33% of all participants who had planned to spend up to three quarters of their time
watching videos but instead decreased their content consumption on the next day. On
the other end, 88% of those who had initially planned to spend less than a quarter of
their time watching videos successfully followed their plans, matching their planned time

allocations.

Fourth, evidence from a regression discontinuity analysis shows that participants moni-
tored their day 1 plans despite ultimately exceeding them. When participants reached
their planned transcribing duration, they immediately reduced transcribing probability
by 25.5 percentage points in the next 60-second window. However, this effect dissipated
quickly and became statistically insignificant within 90 seconds as participants resumed

transcribing.

Finally, a mixed-methods analysis of open-ended responses reveals that participants per-
ceived the experimental environment as a work setting rather than a choice between in-
dependent tasks. While 29% spontaneously described transcribing using negative terms,
another 23% characterized video-watching as “taking breaks” from work. This suggests
that experimenter demand effects may have confounded the intended effects of the auto-
play treatment, with implications for both the interpretation of our null results and the

broader generalizability of our study.

A primary internal validity concern is that experimenter demand effects favored allocat-
ing more time to the transcribing task than planned. Such effects can emerge through
contextual cues and alter participant behavior by drawing attention to variables of inter-
est (Zizzo, 2010). In my experiment, these could include (i) the small earnings difference

favoring the transcribing task,® (ii) multiple mentions of the quality criteria for the tran-

>This difference is 60 pence over 20 minutes, equivalent to a 1.8 pound hourly wage difference (15%

above our 12 pound minimum wage baseline). T hypothesized that in the absence of an earnings difference,
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scribing task to receive earnings, (iii) placement of the transcribing task as the first
activity upon starting a session, and (iv) the time allocation slider framing decisions as
time spent on the transcription task. Alternative designs could have addressed these
concerns by rewarding balanced time allocations more, eliminating earning differences

altogether, or displaying both tasks right next to each other.

Another major challenge in isolating the effects of autoplay is the role of content appeal.
Higher content appeal would make the watching task more tempting, and create a stronger
tradeoff between the two tasks. To address this while keeping the content identical across
conditions, I conducted pretests from the same participant pool where the funny animal
videos came out as the most popular theme. Participants also rated the curated videos
positively (median 7/10) in a post experiment survey. Regardless, the watching task
content may not have been sufficiently appealing. Allowing participants to select among
a list of themes with manually curated videos could have addressed this issue (Ek &

Samabhita, 2023).

A final concern in online experiments is ensuring genuine participation equivalent to lab-
oratory conditions. I implemented several measures to address this challenge. I used
JavaScript-based attention monitoring to detect each second participants navigated away
from the experimental interface following (Purohit et al., 2023). I also required mini-
mum internet speeds and restricted participation to desktop users with Chromium-based
browsers to standardize the user experience. Participants also answered post-experiment
survey questions about their engagement while watching videos and about connection in-
terruptions. These controls ensured that my final dataset is composed of participants who
were active, and the online environment could approximate the conditions of a laboratory

experiment (Arechar et al., 2018).

This study contributes to several strands of literature. First, the literature studying the
effects of social media and streaming services on user well-being (Allcott et al., 2020,
2022; Bao, 2025; Beknazar-Yuzbashev et al., 2025; Braghieri et al., 2022; Bursztyn et al.,
2023; Collis & Eggers, 2022; Groshek et al., 2018; Nyhan et al., 2023; Purohit et al., 2023;

Walton-Pattison et al., 2018). I contribute to this work by shedding light on one potential

participants would not work on the transcription task.
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driver of the harmful effects of social media and streaming services, the autoplay, in a

controlled setting.

A subset of this literature focuses on the effects of specific interface design elements on user
behavior, particularly related to user agency and overconsumption of content (Bongard-
Blanchy et al., 2021; Chen et al., 2025; Hoong, 2021; Lukoff et al., 2021; Lupianez-
Villanueva et al., 2022; Lyngs et al., 2019, 2020; Mathur et al., 2021; Schaffner et al.,
2023, 2025; Silverman et al., 2024). To my knowledge, this paper provides the first

attempt at isolating the causal effects of autoplay on content consumption.

Methodologically, this paper contributes to the literature on laboratory experiments that
observe behavior in real time while participants trade cognitive effort with leisure (Bhatia
et al., 2021; Bonein & Denant-Boémont, 2015; Ek & Samahita, 2023; Houser et al., 2018;
Kool & Botvinick, 2014). It also adds to a burgeoning literature manipulating design
elements within the user interface to reduce overconsumption of content (Hiniker et al.,

2018; Lyngs et al., 2020; Purohit et al., 2023; Schaffner et al., 2025).

The remainder of this paper is organized as follows. Section 4.4 describes the experimental
design. Section 2.3 details the experimental sample and procedures. Section 4.6 presents

results and Section 4.8 concludes.

2.2 Design

2.2.1 Timeline and Session Structure

I conducted a two-day online lab experiment to examine how autoplay feature affects time
allocation between transcription of random characters and watching funny animal videos.
The multi-day structure allowed us to measure the gap between planned and actual
behavior, a key feature in research on present-focused preferences (Ericson & Laibson,
2019). Participants completed two separate data collection sessions with a cooling-off

period of 24 hours between sessions.

Day 1 sessions included a practice session to familiarize participants with the experimental
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interface, followed by planned time allocation decisions. Day 2 featured the main session
where participants made actual time allocation decisions. I conducted two waves of data

collection during May 2023, as described in Table 2.1.

Table 2.1: Summary of timeline and session structure

Practice Multiple Time Main Decision

Session Price List Choice Session Horizon
Day 1 (Block 1) v v 24-hour
Day 2 (Block 1) v immediate
Day 1 (Block 2) v v v 24-hour
Day 2 (Block 2) v immediate

Note: This table shows the experimental components administered across two data collection waves,
with columns ordered chronologically within each day. The first block established differences in planned
and actual time allocations across conditions, while the second block incorporated the Multiple Price
List to measure demand for commitment against autoplay. Decision horizon refers to the period between

planned time allocation and the main session.

2.2.2 Technical Implementation and Interface Design

I designed the experimental platform to provide precise control over the testing envi-
ronment. I presented both tasks within a single web page using distinct tabs, allowing
participants to switch between transcribing and watching videos seamlessly while preserv-
ing progress. A progress bar and timer provided feedback for remaining time. Sessions
began with the transcription task as the default, requiring an active choice to switch to

the watching task.

The interface incorporated several key features to track behavior. I logged all critical
interactions including tab switches, keystrokes during transcription, video controls, and
cursor movements outside the experimental window. This granular tracking enabled me

to construct detailed measures of attention and engagement across tasks.
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2.2.3 Internal Validity Controls

Online experiments present unique challenges for maintaining experimental control, in-
cluding participant multitasking, technical disruptions, and environmental variation. I
implemented comprehensive measures to address these concerns and ensure data quality.

I clearly communicated these restrictions to participants at the experiment’s outset.

Participant and Technology Screening: I selectively admitted participants using
multiple screening criteria to ensure a stable experience. Internet speed requirements
filtered out participants with unstable connections (minimum 30 Mbps for block 1, 40 for
block 2). T restricted participation to users with Windows, Linux, or Mac operating sys-
tems using Chromium-based browsers exclusively. I excluded Safari and Mozilla Firefox
due to restrictive autoplay configurations. Mobile devices and tablets were prohibited to

standardize the user experience.

Platform Controls: The experimental website enforced linear navigation, preventing
participants from moving backward through the experiment. I disabled right-click func-
tions and keyboard shortcuts. Any attempt to navigate backward reset progress to the

landing page.

Attention and Engagement Monitoring: I implemented real-time tracking of partic-
ipant attention using a JavaScript library to detect interface visibility disruptions.® This
system captured actions such as minimizing the browser, switching between web pages,
or launching other applications. The tracking provided second-by-second measures of

participant engagement.

Post-Experiment Validation: After completing the experiment, participants reported
any connectivity disruptions and confirmed their genuine engagement with the watching
task. I combined these self-reports with tracking measures to identify and filter data

potentially compromised by distractions or inattention.

6See more information about the Intersection Observer API.
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2.2.4 Tasks

Transcription Task

The transcription task requires transcribing successive CAPTCHAs. CAPTCHAs are
computer-generated images that contain random letters, numbers and randomly placed
white spaces.” Each CAPTCHA has a total length of 35 characters, including the white
spaces. Participants spent on average 41 seconds per CAPTCHA.

I designed the images to be blurred and distorted by lines and dots added on top to
increase comprehension difficulty.® The interface always presents these CAPTCHA im-
ages with a text box and a submit button. When the submit button is clicked, the next
CAPTCHA image appears and the text input for the previous one is stored. The task is

identical across conditions, as illustrated in Figure 2.1.

I established easy-to-meet quality requirements to ensure participants remained active.
These requirements include an overall transcription accuracy of at least 70 percent in
submitted CAPTCHAs” and a minimum of one CAPTCHA submission per minute spent
on the task. Participants had to meet these quality requirements to receive compensation

for the transcription task.

T added white spaces to improve readability after pretests. The number of white spaces was limited

to a maximum of 5 instances per CAPTCHA to control the transcribing time per image.
8The randomization procedure to generate CAPTCHAs.
T use Python’s difflib string-matching algorithm to measure accuracy. It consists of finding the

longest common substring and then finding recursively the number of matching characters in the non-
matching regions on both sides of the longest common substring. Overall accuracy of 70 percent implies

an average of 10.5 (0.3 x 35) mistakes across all submitted CAPTCHAs.
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Figure 2.1: Transcription task tab

©19:19

@ You can switch tasks by clickingonatab X

Type the CAPTCHA

© 0 transcriptions submitted

SUBMIT

Note: This figure describes the transcription interface tab. As participants always begin in the
transcription tab by default, there is a banner that reminds participants to click the tab buttons to

switch tasks. This banner disappeared as soon as participants switched tasks once.

Watching Task

In this task, participants watch successive short videos in a customized media player. The
video content and the order in which videos appear to participants are identical across
conditions. I completely disabled the media player controls: participants cannot skip
videos (user scrolling is disabled) or use the media player’s slider to advance or go back

in a particular video.

The conditions differ in their autoplay functionality. In the Awutoplay condition, videos
play automatically when the watching tab is visible and pause with a click anywhere on
the video. The media player keeps scrolling to the next videos and continues playing them
unless interrupted. In the Control condition, participants need to have the watching tab

visible and click on each consecutive video to play them. At the end of each video, the
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scrolling animation brings the next video that only starts playing when the participant

clicks on it. Figure 2.2 illustrates the video tab in the Control condition.

I manually selected 80 videos to avoid algorithmic biases resulting from the recommender
system’s personalized suggestions. I curated the videos from YouTube and TikTok, us-
ing the tags “funny animal” and “cute animal”. I chose animal videos because of their
popularity during pretests.!? T reviewed the selected videos to ensure that they did not
contain any harmful or violent actions toward the animals involved. To maximize the
frequency of experiencing the autoplay feature during the watching task, I kept the first
60 videos shorter (mean 12.25 seconds, SD 7.04 seconds), with the last 20 videos longer
than the rest (mean 25.50 seconds, SD 14.04 seconds).

During the pretests, the experiment was followed by a separate questionnaire asking participants to
rate the videos they had seen and suggest what types of videos they would have liked to see more of,

with options including sports, news, or trending content.
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Figure 2.2: Watching Task tab

©18:52

Type

) Watch

(@ Click on a video to start watching X

Note: This figure describes the “Watch” tab in the Control condition. Before the first video is clicked
upon to be played, there is a banner that reminds participants that the video won’t play without
clicking. This banner was not present in the Autoplay condition and videos started playing as soon
as participants clicked on the “Watch” tab seen on the top right side. Notice that the top part of the

following video is already visible in the bottom part of the screen.

2.2.5 Practice Session

The experiment consists of two sessions during which participants interact with the tasks
described above. The first session is the practice session on day one. It comes right
after the written descriptions of each task and serves to familiarize participants with the
tasks and the interface. Participants are assigned to either Autoplay or Control condition
before the practice session, so that they experience the same video interface on both the

practice and main sessions.
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Practice session was 2 minutes long. Each task was available for only 60 seconds and
participants were not allowed to switch between tasks. On the first tab, participants
were required to retype CAPTCHAs. The 60-second period was enough to submit one
CAPTCHA and see the second CAPTCHA image. After 60 seconds, a pop-up appeared

on the screen blocking any other interaction and taking participants to the second page.

Participants were required to close this pop-up to advance to the second task. The
rationale behind the pop-up was to ensure participants spent equal time on both tasks.
Whether this pop-up was closed was verified and served as an additional attention check.!!
Once closed, the watching task began for 60 seconds, enabling participants to watch 4 to
5 short videos depending on whether they were assigned to the Autoplay or the Control

condition.

2.2.6 Multiple Price List

In the second block of the experiment, I used a Multiple Price List to elicit the Will-
ingness to Pay for commitment against autoplay, commonplace method in the literature
(Andersen et al., 2006; Jack et al., 2022). After the practice session on day one, par-
ticipants made 9 binary decisions, choosing between their preferred media player setting
(autoplay off or on) and a bonus payment (see Figure 2.3). T determined bonuses by the
per-second earning differences across tasks, multiplied by the expected differences in time

spent between the conditions in the first block of the experiment.

Specifically, I expected the average difference between the Autoplay and Control con-
ditions, in terms of time spent across tasks, to be in the magnitude of 60 seconds (it
was 79.5 seconds, from Table 2.3). This resulted in an average earning difference of
60 * (0.15 — 0.1) = 3 pence. To capture this in the MPL choices offered, T set the sym-
metric bonuses accordingly: £]0.05, 0.1, 0.25, 0.5].

I used the Becker-deGroot-Marschak (Becker et al., 1964) random price mechanism for
incentivization. Once the binary decisions were completed, I randomly implemented one

of their 9 choices and informed participants whether autoplay would be on or off, and

M All participants closed this pop-up and switched to the watching task.
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of their associated bonus earnings. With this knowledge, participants then made their

planned time allocation for day 2.

45



Figure 2.3: Multiple Price List page

Autoplay on or off?

In the practice session videos played automatically with Autoplay. There is
another version where you need to click on videos to play them.

You need to make 9 decisions about Autoplay. One of your decisions will be
randomly chosen and implemented. You will receive a bonus payment and
watch videos with the chosen Autoplay setting.

For example, if you choose Autoplay for the first decision and it is
implemented, you will have Autoplay and receive an additional £0.5 bonus
payment.

>
AUTOPLAY +£0.5

>
AUTOPLAY +£0.25

>
AUTOPLAY +£0.1

>
AUTOPLAY +£0.05

N

NO AUTOPLAY +£0

X

NO AUTOPLAY +£0

N

NO AUTOPLAY +£0

X

NO AUTOPLAY +£0

- %

AUTOPLAY +£0 NO AUTOPLAY +£0

8 %

AUTOPLAY +£0 NO AUTOPLAY +£0.05

> X

AUTOPLAY +£0 NO AUTOPLAY +£0.1

> %

AUTOPLAY +£0 NO AUTOPLAY +£0.25

> X

AUTOPLAY +£0 NO AUTOPLAY +£0.5

Please pick your favorite option for each row.

Note: This figure describes the MPL page where participants made 9 binary choices between their
preferred autoplay setting and bonus payments. Each row presents a choice between “Autoplay”
(left) and “No Autoplay” (right) with associated bonus amounts ranging from £0.05 to £0.5. Note
that participants in this block only saw autoplay videos in the practice session, and stated their
preferences accordingly. The interface required participants to select one option in each row before
proceeding. One of these 9 decisions was randomly selected for implementation in the main session,

determining both the autoplay setting and any bonus payment for day two.
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2.2.7 Time Choice

Following the practice session, participants proceeded with the time choice section. This
section required them to specify their preferred time allocation between the two tasks for
the day 2. Participants were informed the main session would be 20 minutes long, and

they were free to choose corner solutions, even if that meant focusing solely on one task.

I designed a slider tool with 20-second steps for participants to indicate their time alloca-
tion preferences. Initially, the slider appeared grayed out and required a click to activate.
This design aimed to ensure participants considered their choices in an active manner.
The click-to-activate design had two benefits: It guaranteed participants interacted with

the slider and helped participants understand the task-related payoff structure.

To incentivize this decision, I randomly made 5% of the day 1 choices binding in the
main session. Binding choices led to payments based on the initial time choice, but only
if participants met the quality standards described under Section 2.2.4 during day 2. I

excluded data from these participants from the final dataset accordingly.

The time choice served as a benchmark for participants, and participants accordingly
received a reminder of it on day two. The time choice section offers insights into partici-
pants’ informed time preferences and allows verifying their commitment to these choices

after a 24-hour period.
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Figure 2.4: Time Choice page

Time Choice

Now decide how long you would like to spend tomorrow on Typing and on
Watching Videos.

Tomorrow you will have 20 minutes for both tasks.
1 out of every 20 participant will be binded by the choice they made today.

Please click on the slider and indicate your Time Choice:

No Typing Equal split Only Typing

@ You choose to spend 10 minutes 0 seconds to Type.
You choose to spend 10 minutes 0 seconds to Watch Videos.
You would earn £4.25.

Tomorrow you will learn whether your Time Choice is binding.

CONTINUE

Note: This figure shows the time choice interface with a slider tool with 20-second steps allowing
participants to allocate time between the two experimental tasks for the following day’s main session.
The slider initially appears grayed out and requires a click to activate. Real-time feedback shows
the selected allocation (here, 10 minutes each) and expected earnings (£4.25). The interface informs
participants that 1 out of 20 (5 percent) will be bound by their choice and that they will learn

whether their choice is binding on day two.

2.2.8 Main Session

The main session took place on day two, approximately 24 hours after the time choice.
I began by reminding participants of their previous day’s time allocation and informing
them whether their time choice was binding. 95% of participants were free to allocate

their time on day 2 as they preferred.

The main session lasted 20 minutes. Participants could switch between the transcription
and watching tasks at any time using the tab interface. Unlike the practice session, there
were no time restrictions on individual tasks. Participants had complete autonomy over
their time allocation decisions, and could monitor remaining time through the progress
bar and the timer. Throughout the main session, I monitored writing and transcribing

actions in real-time.
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The treatment was implemented through the media player’s autoplay functionality as

previously described in Section 2.2.4.

2.2.9 Hypotheses

User interface design choices are “not separable from other content choices, since their
effect depends on where the platform has positioned its content on the underlying con-
tent manifold.” (Kleinberg et al., 2022). If content has very low inherent appeal and
stickiness, autoplay may have minimal effect on video consumption. An analogy is how
introducing breaks would have little impact on engagement for low-stickiness content
like documentaries, but dramatically reduce engagement for high-stickiness content like
celebrity gossip.!? Assuming that my selection of videos have sufficient appeal and sticki-
ness, Autoplay condition leads to consumption beyond users’ stated preferences, creating

a measurable gap between planned the time allocation and actual behavior.

Hypothesis 1: Autoplay condition decreases the realized time allocated to the tran-

scription task while increasing video consumption. I test this using a linear regression:
Y; = a + vAutoplay,; + fTimeChoice; + 6(Autoplay; x TimeChoice;) + ¢; (2.1)

where Y; represents the outcome variables of interest (proportion of time spent on tran-
scription or number of videos watched), Autoplay, is a binary indicator for the condition,
and TimeChoice; is the standardized proportion of time participants planned to spend
on transcription on day 1. I estimate this model with and without the interaction term
to examine whether the effect of autoplay varies based on initial time allocation plans. 1

expect v < 0 for transcription and v > 0 for videos watched.

Hypothesis 2: Autoplay condition has an effect on deviations from stated time allocation
preferences (actual minus planned time spent on transcription). I test this using a two-

sample t-test comparing the means between the two conditions.

I expect the effect of autoplay on content consumption is known by participants, although

they will underestimate how much they would be affected on average (Bongard-Blanchy et

12Gee Bao (2025) for recent work on addictive short drama series.

49



al., 2021). The demand for a commitment device is driven by “sophisticated” participants,
i.e., a subset of participants who are aware of the effect of autoplay, in line with the

literature (Ericson & Laibson, 2019).

Hypothesis 3: If participants are aware of their self-control issues, they should exhibit
negative Willingness To Pay (WTP) for autoplay, preferring the commitment devices

that restrict automatic video transitions. I test this using a logistic regression:
}/ij = BO + 61BOHUS1‘J‘ + €ij (22)

where Y; is the binary choice of taking autoplay given the bonus j from the MPL for indi-
vidual 7. I calculate the WTP for autoplay as the sample-averaged effect of bonus — 5, /1,

and expect a negative sign indicating preference for commitment against autoplay.

In sum, the preregistered hypotheses test whether autoplay distorts optimal time allo-
cation decisions in a setting where participants face monetary incentives favoring the

transcription task.

2.3 Sample and Procedures

The experiment was run entirely online, using widely available open-source tools.!? 1
sampled from the Prolific participant pool, an online recruitment platform commonly
used for academic research, and targeted adult British residents. I further imposed the
following criteria: Fluency in English, balanced gender representation, and having a
stable internet connection. I did not allow mobile devices and restricted access to the
experiment to Chromium-based browsers to enhance the internal validity as previously
discussed in Section 2.2.3. Only participants who succeeded on both attention checks,
reported not having engaged in other activities, and did not have connection issues during

the experiment were included in the final dataset.

Payment was calculated based on actual time spent on each task during the main session
on day 2, with compensation rates of 0.15 pence per second for transcription and 0.1

pence per second for watching. Participants needed to meet the established quality

13T used the MERN stack to develop and host the website in a free way.
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requirements for the transcription task to receive compensation for time spent on that
activity. The session concluded automatically after 20 minutes, and participants received
their final payment calculation before completing the experiment. Participants received
a fixed participation fee of £2.75. The study took less than 30 minutes in total across
2 days, with average earning per participant at £4.08. This amounted to an average
payment of £1.33 (median £1.49) for the main session. Participants who completed all

required elements received payment within seven days after the second session.!*

For the first block of the experiment, I preregistered a two-sample parallel design using
pretest data and tested for equality of means across conditions. I found that the required
sample size to test Hypothesis 1 with the usual parameter values (o = .05, 5 = .2) would
be 114 per condition, with an effect size of 65 seconds calculated by the difference in
the average time spent between conditions ({autopiay — Hcontrot) and population standard
deviation of 165 seconds. Since attrition in longitudinal experiments is commonplace, 1
invited 301 participants on the first day. On day two, I invited the same 301 participants
and received 276 complete responses (91% response rate). No participants failed the
attention checks more than twice.!> T dropped 17 participants who self-reported having
connection issues and 24 additional participants who stated having engaged in other
activities. I also removed 11 participants who had their time choice enforced randomly.
Finally, I removed 40 participants that were detected to spend more than 20 consecutive
seconds away from our experimental platform who disproportionately come from the
Autoplay condition. These 40 participants all reported engaging with videos but had
their mouse detected outside the experiment window, making it impossible to distinguish
whether they genuinely watched videos or browsed other tabs/windows during the study
(see Appendix Table A.1). The final dataset on which I base the analysis consisted of 184

individuals. Table 2.2 shows the demographic characteristics of the observed individuals.

14 Prolific payment policy gives researchers 21 days to transfer funds to participants. The typical delay

between study completion and payment is however only 3 to 4 days on average.
1 Minimum requirement by Prolific attention check policy.
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Table 2.2: Balance table for the sample

Autoplay Control P

N =179 N = 105 A = (]
Gender
Female 36 (45.57%) 53 (50.48%) 0.510
Age
Mean (SD) 42.63 (11.70) 42.03 (11.24) 0.725
Employment
Employed (full time) 45 (56.96%) 57 (54.29%) 0.718
Employed (part time/self) 23 (29.11%) 25 (23.81%) 0.417
Not employed 11 (13.92%) 23 (21.90%) 0.167
Income
Low (0-15) 24 (30.38%) 32 (30.48%) 0.989
Middle (15-50) 42 (53.16%) 61 (58.10%) 0.505
High (50+) 13 (16.46%) 12 (11.43%) 0.325
Marital Status
Married /Partnership 43 (54.43%) 52 (49.52%) 0.510
Single 31 (39.24%) 46 (43.81%) 0.534
Previously married 5 (6.33%) 7 (6.67%) 0.927

Note: This table presents demographic characteristics for the sample of 184 participants across condi-
tions. Income categories are presented in thousands of British pounds. Employment categories: “Not
employed” includes unemployed (looking and not looking) and homemaker. “Previously married” includes
divorced, widowed, and separated. p-values for binary outcomes are from two-sample tests of propor-
tions; for continuous variables, from two-sample t-tests. For employment, part-time and self-employed
are together as one category. The sample demonstrates successful randomization with balanced partici-

pant characteristics across the conditions.

For the second block of the experiment, I applied the same selection criteria as before
and invited 60 participants on day one. On day two, I received 57 complete answers (95%
response rate). Once again, no participant failed the attention checks. No participant

reported having connection issues. I dropped 5 participants who reported having engaged
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in other activities. As I was interested in the demand for a commitment device, partic-
ipants did not have their Time Choice enforced in this treatment. I therefore ended up
with 52 individuals in the final MPL dataset (see Appendix Table A.2 for a comparison

with the main sample).

2.4 Results

2.4.1 Does Autoplay increase video consumption?

I test my primary hypothesis that autoplay increases video consumption by comparing
behavior across conditions. Table 2.3 presents summary statistics for key outcome vari-
ables from the 20-minute main session. Two-sample t-tests reveal no significant differences

between the Autoplay and Control conditions.
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Table 2.3: Sample statistics for variables of interest

Autoplay Control D

N =19 N = 105 [A = C]
Time Choice
Mean (SD) 0.48 (0.31) 0.44 (0.33) 0.410

Median |Min, Max]|

0.50 [0.00, 1.00] 0.50 [0.00, 1.00|

Transcription Proportion

Mean (SD) 0.65 (0.31) 0.58 (0.33) 0.173
Median |Min, Max]| 0.72 0.00, 1.00] 0.56 [0.00, 1.00]

Nb. of sessions

Mean (SD) 5.76 (4.98) 4.89 (5.09) 0.246
Median |Min, Max]| 4.00 [1.00, 18.00] 3.00 [1.00, 28.00]

Session length

Mean (SD) 456.11 (383.22) 546.35 (411.53) 0.131
Median [Min, Max]| 314.75 [68.17, 1212.00] 418.67 [44.93, 1314.00]

Nb. of CAPTCHA submissions

Mean (SD) 19.76 (12.11) 17.21 (11.62) 0.150
Median |[Min, Max]| 19.00 [0.00, 53.00] 15.00 [0.00, 45.00]

Nb. of videos watched

Mean (SD) 31.33 (26.34) 32.72 (26.39) 0.723
Median |Min, Max]| 25.00 [0.00, 80.00] 34.00 [0.00, 77.00]

Content rating

Mean (SD) 6.96 (2.18) 6.62 (2.45) 0.327

Median [Min, Max]|

7.00 [2.00, 10.00] 7.00 [0.00, 10.00]

Note: This table presents key outcome variables from the Main Session. “Time Choice” refers to participants’

stated preferences for transcribing on day 1 (proportion), while “Transcription Proportion” represents the actual

proportion of time spent on transcription task during the 20-minute Main Session on day 2. Nb. of sessions is

the number of transcription or watching sessions participants completed, and Session length represents the mean

duration of individual sessions in seconds. Content rating reflects participants’ appreciation of video content on a

0-10 scale. p-values are from two-sample ¢-tests comparing experimental conditions.

To formally test Hypothesis 1, the effects of the Autoplay condition on time spent on

transcription, I run the regression specified in Equation 4.1. My analysis reveals that
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the autoplay manipulation had no statistically significant effect on actual transcription
behavior. Table 2.4 presents results for transcription proportion as the dependent vari-
able. The coefficient on the autoplay ranges from 0.12 to 0.20 across specifications but
remains statistically insignificant in all models (p-values > 0.16). Participants’ day 1 time
allocations emerge as a powerful predictor of day 2 behavior: a one standard deviation
increase in planned transcription time is associated with a 0.67 standard deviation in-
crease in actual transcription time (p < 0.001). Including day 1 time allocations increases

the variance explained by the model, rising from 1% to 46%.

Table 2.4: Autoplay condition and time spent transcribing

Transcription proportion (z-score)

(1) (2) (3)

Autoplay 0.203 0.121 0.119
(0.147) (0.109) (0.110)
Time Choice (z-score) 0.673%+% 0.651%+%
(0.057) (0.081)
Autoplay x Time Choice 0.057
(0.110)
Constant —0.087 —0.052 —0.053
(0.100) (0.076) (0.076)
Obs. 184 184 184
R? 0.010 0.462 0.463
F'-statistic 1.91 77.42 61.52

Note: Robust standard errors in parentheses. All variables are standardized. Time choice represents

participants’ planned transcription proportion from day 1. *** p < 0.001, ** p < 0.01, * p < 0.05.

Similarly, Table 2.5 examines the effect on video consumption, a direct test of my primary
hypothesis that autoplay would increase video consumption. Across all specifications, the
autoplay coefficient is statistically insignificant. This suggests that the autoplay feature
did not meaningfully alter participants’ video consumption behavior. Again, day 1 plans

prove to be the dominant predictor: participants who planned more transcribing watched
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—0.66 SD fewer videos (p < 0.001).

Table 2.5: Autoplay condition and the number of videos watched

Nb. of Videos Watched (z-score)

(1) (2) (3)

Autoplay —0.053 0.029 0.031
(0.149) (0.112) (0.112)

Time Choice (z-score) —0.664%** —0.619%**
(0.056) (0.079)
Autoplay x Time Choice —0.114
(0.105)
Constant 0.023 —0.012 —0.010
(0.098) (0.076) (0.076)

Obs. 184 184 184

R? 0.001 0.440 0.443
F-statistic 0.13 73.06 61.53

Note: Robust standard errors in parentheses. All variables are standardized. Time choice represents

participants’ planned transcription proportion from day 1. *** p < 0.001, ** p < 0.01, * p < 0.05.

For completeness, I provide the regression outputs from the unrestricted dataset in Ap-
pendix Table A.3 and A.4. These include 40 participants who spent at least 20 consecutive
seconds outside either task. Comparing the interaction models (column 3), T observe that
the effect of the Autoplay condition on transcribing behavior decreases from 0.119 SD in
the restricted sample to 0.055 SD in the unrestricted sample. The effect of the Autoplay
condition on the number of videos watched increases from 0.031 SD in the restricted
sample to 0.132 SD in the unrestricted sample. However, the null results remain un-
changed across both specifications. Because I cannot ascertain the data quality for the

unrestricted sample, I base my conclusions on the restricted sample of 184.

Two key patterns emerge that help explain the null findings. First, the contradicting
results: the Autoplay condition increases time spent transcribing by 0.12 standard de-

viations (though statistically insignificant) while simultaneously increasing the number
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of videos watched by 0.03 standard deviations (also insignificant). If people type more,
shouldn’t they watch fewer videos? I identify a mechanical confound in my experimental
design that explains this result: the time lost during video transitions. Participants in
the Control condition, who had to manually click to start each new video, lost an average
of 46.52 seconds due to these transition delays whereas those in the Autoplay condition
lost only 1.08 seconds. This large difference of 45.45 seconds per session is statistically
significant (¢(105) = 4.89, p < 0.001). This difference in time lost not watching videos
explains the contradicting results and underscores the importance of looking at the un-
biased outcome variable (i.e., number of videos watched) when evaluating the effects of

the autoplay feature.

Second, assuming the actual effect size for the number of videos watched lies somewhere
between the restricted and unrestricted samples, the power calculations based on pretests
were insufficient: The required sample size to provide a two-sided test for Hypothesis 1b
with the usual parameter values (a = .05, § = .2) would be between 300 and 5000
per treatment, with common standard deviation as the root MSE from the standardized
number of videos watched variable in the third regression. Other solutions to this power
problem are design-related and involve extending the main-session duration to above 20
minutes, or nudging participants to mix more between tasks to avoid corner solutions

(e.g., higher earnings for time allocations between .25 and .75 of either task).

Table 2.6: Seconds lost by condition

Control Autoplay Difference
Total seconds lost 46.52 1.08 45.45%**
(9.27) (0.65) (9.29)
Observations 105 79 184
t-statistic 4.89

Note: Standard errors are in parentheses. Time is measured as the average of seconds lost to video
transitions per session. The difference was tested using a two-sample t-test with unequal variances. ***

p < 0.001, ** p < 0.01, * p < 0.05.
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2.4.2 Autoplay and deviations from day 1 time allocation

Does the Autoplay condition have an effect on deviations from day 1 time choice? To
assess Hypothesis 2, I calculated the deviation by subtracting participants’ planned tran-
scribing proportion from their actual transcribing proportion (actual minus planned).
Figure 2.5 shows the distribution of deviations from time choice across conditions, which
appears right-skewed with positive values indicating that participants transcribed more
than their day 1 allocation. Participants in the Control condition deviated by an av-
erage of 14.6 percentage points, while those in the Autoplay condition deviated by 17.3
percentage points. A two-sample {-test reveals no statistically significant difference be-
tween means (t = —0.694, p = 0.488). The Kolmogorov-Smirnov test similarly finds no
significant difference in distributions across conditions (D = 0.085, p = 0.903). These
results indicate that participants in both conditions spent more time on the transcription
task than they initially planned. However, the Autoplay condition did not significantly
alter the magnitude or pattern of these deviations. Contrary to my hypothesis, T find
no evidence that Autoplay condition led participants to deviate toward consuming more

videos.

Figure 2.5: Distribution of deviations from day 1 time allocation by

condition
Deviations from Time Choice by Treatment
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Note: This figure shows the distribution of deviations from day 1 time allocation plans, calculated
as actual transcribing proportion minus planned transcribing proportion. Positive values indicate

participants transcribed more than they planned. The distributions are similar across conditions,

and show over-transcribing relative to initial plans.
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2.4.3 Willingness To Pay for autoplay

Contrary to Hypothesis 3, participants exhibited positive WTP for autoplay rather than
demand for commitment devices against it. I assessed the demand for commitment by
comparing the share of participants choosing to turn autoplay on or off along with the
associated bonus payments for each of the nine decisions in the price list. To quantify
participants” WTP for autoplay, I estimate the regression specification in Equation 2.2,
where the dependent variable is the binary choice of selecting autoplay (1) or turning it

off (0), and the independent variable is the bonus amount in pounds from the MPL.

Results are presented in Table 2.7. The coefficient on the bonus amount is 27.97 (p <
0.001), indicating that participants are sensitive to the financial cost of keeping autoplay
on. The WTP for autoplay is the negative ratio of the constant to the bonus coefficient:
—0.6263/27.9729 = —0.0224 pounds, or 2.24 pence for the 20-minute session. On average,
participants value autoplay at 6.72 pence/hour and would be willing to forgo this amount
to maintain access to the feature rather than have it turned off. Participants in this study

did not appear to perceive a tradeoff from autoplay in increasing video consumption.

Table 2.7: Willingness to Pay for autoplay

(1)

Bonus (£) 27.973%*x
(6.277)
Constant 0.626**
(0.199)
Obs. 468
Clusters 52
Pseudo R? 0.658
Wald x%(1) 19.86

Note: Logistic regression with standard errors clustered at the participant level in parentheses. Depen-
dent variable is binary choice of selecting autoplay (1) or turning it off (0). Bonus amounts range from

£—0.5 to £0.5. The pseudo R? indicates good fit. *** p < 0.001, ** p < 0.01, * p < 0.05.
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2.4.4 Understanding the Null Results

Planned versus Actual Time Allocation

Participants allocated more time to transcription than initially planned. On average,
participants planned to spend 45.5% of their time transcribing but actually spent 61.2%,
representing an increase of 15.7 percentage points (t = 8.24, p < 0.001). The entire
distribution shifted rightward (see Figure 2.6), with median actual transcription time

(64.3%) substantially exceeding median planned time (50.0%).
Figure 2.6: Distribution of planned vs actual time allocation

Distribution of Planned vs Actual Transcribing Time
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Note: This figure compares the distribution of participants’ planned time allocation (Day 1) with
their actual time spent transcribing (Day 2). The rightward shift demonstrates participants’ system-

atic tendency to transcribe more than originally planned.

The pattern is more pronounced when examining individual transitions. Among 151
participants who planned to spend less than three-quarters of their time transcribing, 106
(70%) actually transcribed for three-quarters or more of the session. In contrast, among
33 participants who planned to spend three-quarters or more of their time transcribing,
only 4 (12%) reduced below 75%. This asymmetric upward shift contradicts traditional
models of time inconsistency, which predict succumbing to immediate temptation rather

than increasing effortful work.
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Table 2.8: Transition matrix: Planned vs actual time allocation

Planned (Day 1)

Actual (Day 2) <75% transcription >75% transcription
<75% transcription 45 (30%) 29 (88%)
>75% transcription 106 (70%) 4 (12%)
Total 151 33

Note: This table shows transitions between planned and actual time allocation patterns. The asymmet-
ric pattern demonstrates systematic shift toward transcription, with 106 participants increasing tran-

scription time versus only 4 decreasing it.

The deviation toward the more effortful transcription task is rather unexpected, and
participant perceptions of the decision-making environment may have influenced their
behavior. This result goes against my hypothesis that participants would deviate toward

the tempting video content, and points to the need to examine it more closely.

Experimenter demand effects

Why did participants end up transcribing more than their day 1 plans? To understand
how participants perceived the decision-making environment, I asked how they decided to
allocate their time during the main session. I analyzed participants’ qualitative responses
to this open-ended question using dictionary-based concept detection methods (Ash &

Hansen, 2023).

Iidentified words related to negative perceptions of the transcription task (e.g., “tiresome”,
“frustrating”, “difficult”) and break-taking behavior when switching to watching (e.g.,
“break”, “rest”, “relax”). Figures 2.7a and 2.7b show the frequency of these concepts in

participants’ responses.
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Figure 2.7: Word clouds for participant perceptions
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(a) Typing task negative descriptions (b) Changing to watching task

Note: Panel (a) shows words describing negative perceptions of the transcription task. Panel (b)
shows words describing switching to the watching task as break-taking behavior. Word size corre-

sponds to frequency of mention across responses.

When asked to describe their allocation decisions, 29% of participants described the
transcription task negatively, while 23% specifically described watching videos as tak-
ing breaks from transcription. These findings suggest that participants perceived the
experiment as a work environment where they should transcribe as much as possible
while taking breaks to watch the videos. Combined with the systematic increases in

transcription time, experimenter demand effects have influenced participant behavior as

suspected.

Effect of achieving day 1 time allocation

If experimenter demand effects are driving participants to transcribe more than planned,
participants may ignore their day 1 goals entirely and continue transcribing regardless
of achieving their stated preferences. Alternatively, if participants genuinely care about
their day 1 plans, we should observe behavioral changes when they reach their planned

transcribing duration—specifically, a reduction in transcribing effort after achieving their

goal.

I examine this by analyzing task switching patterns throughout the 20-minute session.
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Figure 2.8a shows substantial heterogeneity in individual transcribing patterns, with tran-
scribing periods interrupted by watching periods for participants who alternate between
tasks. Dividing the session into 5-minute quarters reveals that transcribing periods be-
come progressively shorter over time (Figure 2.8b), suggesting that task switching may

be strategic as participants either achieve their day 1 goals or experience fatigue.

Figure 2.8: Time spent transcribing

(a) Individual transcribing patterns (b) Average transcribing by quartile
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Note: Panel (a) shows transcribing time for 30 random participants across the 20-minute session.
Panel (b) shows average transcribing time by 5-minute periods, revealing declining transcribing

duration over time.

To test whether participants use their day 1 plans as behavioral reference points, I imple-
ment a sharp regression discontinuity design using the moment participants reach their
planned transcribing duration as the cutoff. I estimate the discontinuous change in the

share of participants choosing to transcribe task at this threshold.

Results in Table 2.9 show a significant effect: participants are 27.4 percentage points
less likely to continue transcribing in the 30-second window after achieving their plan
(p = 0.007) and 25.5 percentage points less likely in the 60-second window (p = 0.003).
This effect dissipates by the 90-second window, becoming statistically insignificant. These

findings indicate that participants do treat plan completion as a behavioral milestone,
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suggesting that experimenter demand effects were not so strong as to completely override

their day 1 preferences.

Table 2.9: Regression Discontinuity estimates on transcribing after

achieving day 1 plans

Time Window

30-seconds 60-seconds 90-seconds

Proportion transcribing -0.274%** -0.255%** -0.075

(0.101) (0.087) (0.108)
Obs. (left) 66,786 67,985 67,119
Obs. (right) 80,270 89,006 92,999
Clusters (left) 157 154 155
Clusters (right) 154 157 161
Bandwidth 339.9 368.3 422.3

Note: This table presents robust regression discontinuity estimates of the treatment effect on task choice
at the moment participants achieve their day 1 planned transcribing duration. Standard errors clustered
by participant in parentheses. The outcome variable is a binary indicator for choosing the transcribing
task. Running variables are binned at 30-, 60-, and 90-second intervals around the achievement threshold.
All estimates use triangular kernel with MSE-optimal bandwidth selection. *** p < 0.01, ** p < 0.05, *
p <0.1.

However, the discontinuity analysis reveals additional complexity. Figure 2.9 shows that
while participants initially reduce transcribing after achieving their day 1 plans, they
subsequently increase transcribing effort again. This pattern suggests that participants
have indeed found the watching task less engaging than anticipated, leading them to

return to transcribing despite having already met their stated preferences.
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Figure 2.9: Linear fit for transcribing rate before and after achieving

day 1 plan
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Note: This figure plots the average transcribing rate across 30-second bins for participants as they
approach their day 1 goal. The negative slope on the left-hand side indicates participants working
less and less as they approach the cutoff. The drop showcases the discontinuity where achieving the
day 1 goal causes in transcribing behavior. The positive slope on the right-hand side reveals another
trend: As time goes on, participants tend to go back to the transcribing task and decrease their
video consumption. This demonstrates participants’ tendency to spend more time on the effortful

transcribing task than originally planned.

2.5 Conclusion

This study examined whether autoplay features in isolation can override users’ stated
preferences for media consumption. In a two-day online experiment with 236 partici-
pants, we find no evidence that autoplay increases video consumption when content is
held constant. Participants viewed autoplay favorably, exhibiting positive willingness-to-
pay for the convenience it provides rather than perceiving it as a self-control problem.
However, experimenter demand effects resulted in participants allocating more time to

transcription than planned, confounding the intended autoplay treatment.

These findings highlight a fundamental challenge of studying potentially addictive design
features in controlled laboratory settings. Design features like autoplay appear to derive

their persuasive power from personalized content streams and algorithmic curation. In
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my controlled setting with identical, manually curated videos, I likely stripped away the

very elements that make autoplay compelling in practice.

These results have implications for both research methodology and policy. Laboratory
studies that isolate interface features from their natural digital ecosystem may fail to
capture their real-world behavioral consequences. The controlled conditions necessary
for internal validity inadvertently eliminate the personalized content that drives engage-
ment on actual platforms. While autoplay shows no effect in my experimental setting,
field studies suggest stronger impacts in natural usage contexts (Hiniker et al., 2018;
Schaffner et al., 2025). Future research should prioritize better approximating genuine
media consumption environments in the field (see e.g., Beknazar-Yuzbashev et al. (2025);

Purohit et al. (2023)) while maintaining the control necessary for causal inference.
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A.1 Additional Figures and Tables

Additional Tables

Table A.1: Comparison of main sample vs flagged participants

Main Sample Flagged P

N — 184 N — 40 M = F|
Gender
Female 89 (48.37%) 13 (32.50%) 0.068*
Age
Mean (SD) 42.29 (11.41) 42.85 (10.75) 0.768
Employment
Employed (full time) 102 (55.43%) 27 (67.50%) 0.162
Employed (part time/self) 48 (26.09%) 8 (20.00%) 0.420
Not employed 34 (18.48%) 5 (12.50%) 0.366
Income
Low (0-15) 56 (30.43%) 6 (15.00%) 0.048%**
Middle (15-50) 103 (55.98%) 31 (77.50%) 0.012%*
High (50-+) 25 (13.59%) 3 (7.50%) 0.291
Marital Status
Married /Partnership 95 (51.63%) 21 (52.50%) 0.921
Single 77 (41.85%) 17 (42.50%) 0.940
Previously married 12 (6.52%) 2 (5.00%) 0.719
Treatment Assignment
Autoplay condition 79 (42.93%) 25 (62.50%) 0.025%*

Note: This table compares demographic characteristics between the main sample (N=184) and par-

ticipants flagged for potential inattention. Flagged participants reported engaging with videos but had

mouse activity detected outside the experiment window, making it impossible to verify genuine engage-

ment. p-values for binary outcomes are from two-sample tests of proportions; for continuous variables,

from two-sample t-tests. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table A.2: Comparison of MPL sample vs main sample

Main Sample MPL P
N — 184 N — 52 (M = MPL

Gender
Female 89 (48.37%) 26 (50.00%) 0.835
Age
Mean (SD) 42.29 (11.41) 41.90 (14.14) 0.858
Employment
Employed (full time) 102 (55.43%) 32 (61.54%) 0.433
Employed (part time/self) 48 (26.09%) 10 (19.23%) 0.311
Not employed 34 (18.48%) 10 (19.23%) 0.902
Income
Low (0-15) 56 (30.43%) 15 (28.85%) 0.825
Middle (15-50) 103 (55.98%) 30 (57.69%) 0.826
High (50+) 25 (13.59%) 7 (13.46%) 0.981
Marital Status
Married /Partnership 95 (51.63%) 28 (53.85%) 0.778
Single 77 (41.85%) 19 (36.54%) 0.491
Previously married 12 (6.52%) 5 (9.62%) 0.446

Note: This table compares the demographic characteristics for the main sample (N=184) and the final

MPL sample in block 2 (N=52). We observe no significant differences across the two samples.
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Table A.3: Autoplay condition and time spent transcribing

Transcription proportion (z-score)

(1) (2) (3)

Autoplay 0.136 0.055 0.055
(0.133) (0.108) (0.108)
Time Choice (z-score) 0.595%*% 0.580%**
(0.061) (0.089)

Autoplay x Time Choice 0.034
(0.119)
Constant —0.063 —0.026 —0.027
(0.094) (0.078) (0.079)

Obs. 224 224 224

R? 0.005 0.357 0.357

F-statistic 1.04 50.28 35.00

Note: Robust standard errors in parentheses. All variables are standardized. Time choice represents

participants’ planned transcription proportion from day 1. *** p < 0.001, ** p < 0.01, * p < 0.05.
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Table A.4: Autoplay condition and number of videos watched

Nb. of Videos Watched (z-score)

(1) (2) (3)

Autoplay 0.051 0.131 0.132
(0.135) (0.109) (0.109)

Time Choice (z-score) —0.590%** —(.5h5***

(0.060) (0.084)
Autoplay x Time Choice —0.077
(0.118)
Constant —0.023 —0.061 —0.059
(0.090) (0.075) (0.075)

Obs. 224 224 224
R? 0.001 0.347 0.348
F-statistic 0.14 48.91 34.21

Note: Robust standard errors in parentheses. All variables are standardized. Time Choice represents

participants’ planned typing proportion from day 1. *** p < 0.001, ** p < 0.01, * p < 0.05.
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Peer skill identification and social class:

Evidence from a referral experiment
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Abstract

Cognitive and social skills are both increasingly valued in the labor market, but social
skills are difficult to observe. In the absence of observable signals, peer assessments can be
valuable screening tools. We study how well individuals identify productive peers across
cognitive and social skills in a lab-in-the-field experiment with 849 university students.
After students interact for an entire term, we collect incentivized skill measures from all
classmates. We then ask for referrals of the highest scoring peers in each skill, incen-
tivizing referrals based on the nominee’s score. To examine potential social class barriers
in referrals, we randomly assign half of the participants to receive additional incentives
for identifying high-skilled peers from low-socioeconomic status. We find that peers can
successfully identify cognitive skills but not social skills of their classmates. There is
only evidence of a bias against low-SES peers in unique cognitive skill referrals, and the
treatment incentives helps mitigate it. Our findings suggest that the accuracy of peer
assessments varies substantially across skill dimensions and appropriate changes in the

incentivization structure can make peer assessments robust to existing biases.

JEL Classification: C93, D03, D83, J24
Keywords: network homophily, labor market, performance evaluation, hiring screen-
ing, human capital, incentive mechanisms, workplace diversity, academic performance,

socioeconomic barriers, information asymmetry
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3.1 Introduction

Evaluating the productivity of others is a standard feature of the labor market. Employ-
ers assess job candidates, managers evaluate workers for promotion, and team leaders
select collaborators based on beliefs about others’ capacity to perform well in different
tasks. Whenever observable productivity signals such as test scores or past experience are
available, decision-makers rely on those to make accurate evaluations. But such signals
are scarce for tasks that are interpersonal in their nature and difficult to quantify. In
these settings, peer assessments akin to referrals can be a particularly strong screening
tool which combines cost-efficiency and accuracy, as sustained interactions among peo-
ple who work together provide opportunities to directly observe each other’s productive

qualities in various domains.

However, identifying productive peers across a multitude of productivity dimensions is
not straightforward. First, peers could accurately assess productivity in one dimension,
but they may struggle to evaluate it in another because of its harder to observe nature.
Cognitive and social (interpersonal) skills are two such dimensions of human capital that
are increasingly rewarded in the labor market (Deming, 2017, 2023). Second, biases in
productivity beliefs can lead to systematic deviations in assessment accuracy. The case for
low-socioeconomic status (low-SES) individuals is particularly concerning, as peers may
systematically underestimate their abilities due to stereotypes or lack of information.
Such biased assessments could contribute to their worse labor market outcomes despite

having the necessary skills (Stansbury & Rodriguez, 2024).

The overall purpose of this paper is twofold: To evaluate how accurately peers iden-
tify productive others in cognitive and social skills, and whether disadvantaged low-SES

individuals face barriers in selection when peers assess productivity across these skills.

We conducted a lab-in-the-field experiment in a Colombian university to answer these
questions. After interacting for an entire term (about 4 months) in small classrooms (av-
erage 26 students per class), we collected incentivized cognitive and social skill measures
from all participants to obtain objective productivity distributions. Participants then

assessed classmates’ productivity across these dimensions by making referrals, allowing
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us to compare referred peers to those who were not. We incentivized referrals by bonuses
contingent on the nominee’s score in the skill measures. Nominees did not receive any
benefit from being referred. Both features allowed us to rule out concerns of potential
social transfers (i.e., nepotism or favoritism) and reputational costs typical in the referral
literature (see for example Bandiera et al. (2009); Witte (2021)). Once we abstracted
away from these elements, the referral decision became one of measuring productivity

beliefs through nominated candidates.

Even in an incentivized setting like ours, biases about low-SES individuals could be
at play because of the underlying beliefs classmates hold about their productivity. To
address this we designed two treatments. In the Baseline treatment, we gave pure
performance incentives to referrals regardless of social class. Participants in the Quota
treatment received additional incentives to identify high-skilled low-SES peers. To be
able to make comparisons within the same referral choice sets, we assigned half of the
participants within each classroom to either treatment. This setup allows us to assess how
well incentives mitigate the said biases in peer productivity beliefs across the different

referral behaviors that we observe.

Our first goal is understanding how well peers identify cognitive and social skills of their
classmates under pure performance incentives at Baseline. We find that peers have dis-
tinct screening abilities for skills, and use different types of referral strategies because of
it. Specifically, peers successfully identify cognitive skill but not social skill of their class-
mates. They also frequently refer the same peers for both skills, at rates much higher than
the actual overlap between those who are productive at both cognitive and social skill.
For this reason we separately analyzed the three referral types: Those made in common
for both skills, and those made uniquely for cognitive or social skill. Common referrals for
both skills identified classmates with higher grades but not higher skills. This suggests
an observable proxy such as academic performance influences peer productivity assess-
ments in the absence of credible skill information. For unique cognitive skill referrals,
both grades and measured cognitive skill are equally good predictors. Unique social skill
referrals are not predicted by either academic performance or social skill, suggesting that
social skills might be less observable in classroom settings or require different measures

to evaluate accurately. These findings reveal a nuanced picture of how peer assessments
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of productivity may depend on how discernible the skill in question is, and how they can

be influenced by the availability of other observable proxies for productivity.

We find limited support for a bias affecting low-SES individuals. Of the three refer-
ral types, we find bias only in unique cognitive skill referrals when accounting for peer
skills. This characterizes the decisions of about 75% of participants who made at least
one unique cognitive skill referral, and about half of all cognitive skill referrals overall.
The Quota treatment mitigates the bias for this subset of referrals, while not changing
the referral rates of low-SES individuals for the rest of the referral strategies that were
not biased in the first place. There is also no meaningful efficiency-equity tradeoff af-
fecting productivity of peers referred in the Quota treatment. Our findings show peer
productivity assessments are robust to salient differences between social classes, and pro-
vide evidence that existing biases can be remedied with changes in the incentivization

structure without compirimising productivity.

Our paper contributes to various strands of the literature. First, we contribute the lit-
erature on referral experiments that strives to understand how referrals help screeening
for productive workers. Past work provides causal evidence that peer productivity as-
sessments using referrals bring in productive workers (Pallais & Sands, 2016), and that
performance-contingent incentives lead to improvements in the productivity of referred
candidates (Beaman et al., 2018; Beaman & Magruder, 2012). These studies allow refer-
rals to be made from different candidate pools where referrers are free to nominate any
candidate, and as a result confound screening ability with advantages arising from access
to different candidate pools (Montgomery, 1991). We implement common choice sets for
referrals which allow us to isolate peers’ true screening ability and enable straightforward
comparison between experimental treatments in terms of referral choice sets. Our pa-
per complements the literature on referral experiments by providing causal evidence that
peers have skill-dependent screening abilities that go beyond the differences in candidate

pools under performance-contingent incentives.

Second, we contribute to the growing body of work on the relevance of noncognitive
skills in the labor market. This literature examines dimensions of human capital such
as patience, self-control, conscientiousness, teamwork, and critical thinking that con-

tribute positively to labor market returns (Heckman & Kautz, 2012; Heckman et al.,
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2006; Lindqvist & Vestman, 2011; Weinberger, 2014). Among these, interpersonal skills
are exceptionally relevant for labor market gains in the last two decades as a complement
to cognitive skill (Deming, 2017, 2023). Yet, hiring firms report difficulties in assessing
social skills in candidates, and applicants are willing to pay substantial sums to convey
social skill feedback to employers (Bassi & Nansamba, 2022). We contribute to this lit-
erature with our peer productivity assessments across two dimensions of skills, and show
that peers can identify cognitive skill but struggle to assess social skills. Our results
suggest that referrals may be ineffective for screening attributes that are less visible or

harder to proxy through standard productivity measures in the assessment environment.

Finally, we contribute to the literature on diversity considerations in referrals. Ho-
mophily! in referrals drives correlations among social groups’ employment and wages
(Calvo-Armengol & Jackson, 2004; Calvo-Armengol & Jackson, 2007), as individuals are
more often tied to others with comparable socioeconomic status (Chetty et al., 2022b).
Limited interaction across social classes due to spatial segregation is shown to drive at
least some of the differences (Chetty et al., 2022a). In this context, efficiency of diver-
sity treatments in endogenous networks may be constrained by availability. To counter
this, we consider a socially diverse university setting where we use exogenously imposed
networks, and required participants to refer among classmates. Anticipating differences
in referral outcomes for low-SES individuals even when networks across social classes
overlap by design, we introduced quota-like incentives as a treatment arm to increase
referrals to low-SES peers.? Our findings complement the literature on biases in referrals
(Beugnot & Peterlé, 2020; Hederos et al., 2024) by first showing the existence of a social
class bias and then providing the causal evidence for targeted incentives that effectively

reduce the bias in our setting without compirimising productivity.

The remainder of the paper is organized as follows. Section 3.2 begins with the back-
ground and setting in Colombia. In Section 3.3 we present the design of the experiment,
including the skill assessment, referral and guessing tasks. In Section 3.4 we describe

the data and procedures. Section 3.5 discusses the results of the experiment. Section 3.6

'A well-documented empirical consistency in sociology where individuals form ties more often with

others who are similar to themselves across observable characteristics (McPherson et al., 2006, 2001).
2We design the treatment incentives in inspiration from the success of gender quotas in the affirmative

action literature (e.g., Balafoutas and Sutter (2012); Bertrand et al. (2019); Niederle et al. (2013)).
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concludes. The Appendix presents additional tables and figures as well as the experiment

instructions.

3.2 Background and Setting

Our study takes place at a medium-sized private university in Colombia, with approxi-
mately 6,000 enrolled students. The university’s student body is remarkably diverse with
slightly more than half of the students classified as low-SES. This diversity provides a
unique research setting, as Colombian society is highly unequal and generally character-
ized by limited interaction between social classes, with different socioeconomic groups
separated by education and geographic residence.® Despite significant financial barriers,
many lower middle-class families prioritize university education for their children (Hud-
son & Library of Congress, 2010, p. 103), with our partner institution representing one

of the few environments where sustained inter-class contact occurs naturally.

In 1994, Colombia introduced a nationwide classification system dividing the population
into 6 strata based on housing characteristics and neighborhood amenities.* We use this
exogenous cutoff as the measure of social class in our experiment: Students in strata 1
to 3 are categorized as low-SES, and those in strata 4 to 6 as high-SES (see Appendix

Figure A.1 for a detailed stratum distribution of our sample).

We invite all students enrolled in two compulsory courses to participate in our experi-
ment. Throughout the term, students meet weekly for three-hour sessions where atten-
dance is mandatory. Both courses are university-wide graduation requirements which
result in large variations in academic programs (see Appendix Table A.3) and socioe-

conomic backgrounds across the classrooms. This setup provides a unique opportunity

3Colombia has consistently ranked as one of the most unequal countries in Latin America (World
Bank, 2024), with the richest decile earning 50 times more than the poorest decile (United Nations,
2023). This economic disparity is reflected by a highly stratified society with significant class inequalities

and limited class mobility (Angulo et al., 2012; Garcia et al., 2015).
*Initially designed for utility subsidies from higher strata (5 and 6) to support lower strata (1 to 3),

it now extends to university fees and social program eligibility. Stratum 4 neither receives subsidies nor
pays extra taxes. This stratification system largely aligns with and potentially reinforces existing social

class divisions (Guevara S & Shields, 2019; Uribe-Mallarino, 2008).
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for collaborative inter-class contact on equal status, whose positive effects on reducing

discrimination are casually documented (Lowe, 2021; Mousa, 2020; Rao, 2019).

3.3 Design

We designed an experiment to assess the peer screening ability for different skills and to
measure biases related to social class. The study design consists of a single experiment
with sessions organized at the classroom level (see Figure 4.2). The instructions are

provided in Appendix A.2.
Figure 3.1: Experiment Timeline
Part1 Part 2 Part3

Skill Referral SES Guessing
Assessment Task Task

Demographic

Survey

Note: Participants first complete incentivized skill tests, then refer classmates for skills. In the final

part, they guess the social class of their peers. This order is implemented in all sessions.

3.3.1 Skill Assessment

To understand the basis for referral decisions, we collect objective measures of cognitive
and social skills. These two distinct skills are crucial for the labor market and suitable
to assess given classmates interact through the term. By measuring skills before the
referral stage, we eliminated the need for referred students to take additional action.
Participants perform two incentivized skill tests. They have 5 minutes to complete each
test. We provide test-specific instructions and an example item before participants begin.

Correctly solved items increase chances to earn a fixed bonus.’

5The tests are presented in a randomized order. No performance feedback is provided. Participants
see one item at a time and cannot return to previous screens once they start a test. They are not required
to answer items and can skip them if they choose to do so. We elicit beliefs about performance after

each test.
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We use Raven’s Progressive Matrices to measure cognitive skills (Raven, 1936; Raven
et al., 1976). Raven’s test is a well-established measure of fluid intelligence, i.e., an
individual’s capacity to reason and solve problems in novel situations independent of past
knowledge (Schilbach et al., 2016). In this test, participants see series of images where
there is a pattern with a piece that has been intentionally removed. They are tasked with
choosing the piece that completes the pattern among available options. For each image,
there is only one correct answer. We implement an 18-item version featuring increasingly

difficult questions, with 6 response options for the first 9 items and 8 thereafter.

We measure social skills with the Multiracial Reading the Mind in the Eyes Test (MRMET)
from Kim et al. (2022).° The test is an established measure for the ability to recognize
emotions in others, and it has been previously used in economic experiments (van Leeuwen
et al., 2018; Weidmann & Deming, 2021; Zarate, 2023). MRMET tends to correlate with
fluid intelligence as measured by Raven’s (Alan & Kubilay, 2025). It consists of photos of
human faces portraying different emotions, cropped so that only the eye region is visible.
Participants must choose the emotion that best describes the photo from the available
answers. For each photo, there is only one correct answer and 4 response options. We

administer the first 36 items in MRMET.

3.3.2 Referral Task

After the skill assessment, we create the referral task to screen for high skilled peers.
For each skill, participants make incentivized referrals by nominating classmates. We
first explain the measured skill accompanied by an example test item. We them provide
an alphabetically ordered list of all classmates. Participants make three referral choices
per skill. They are instructed to exclude themselves from referrals. A classmate may
be nominated once per triad. The order in which participants refer for a skill test is
randomized. We incentivize referrals with classroom-level performance rankings. The

three highest-scoring classmates are designated as the top 3 for a skill. Referrers are

6We choose MRMET because it is a race- and gender-inclusive test suitable for application in non-
WEIRD (Western, Educated, Industrial, Rich, Democratic) populations like the one we sample from.
The test is based on the original RMET (Baron-Cohen et al., 2001).
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eligible for a fixed bonus for referrals among the top 3.7

We have two between subject treatments that varies the top 3 selection. In the Baseline
treatment, the top 3 selection is based solely on performance ranking, regardless of other
participant characteristics. The Quota treatment modifies the top 3 selection to prioritize
low-SES individuals. We reserve the first spot in the top 3 for the highest-scoring low-
SES peer, and assign the remaining two places based on performance (see Table 4.1).
This guarantees at least one low-SES participant in the top 3 per skill. Participants are
informed about the top 3 selection mechanism before making referral choices (Appendix
Figure B.1 provides illustrations explaining the treatments). Assignment to the treatment
is at the individual level within each classroom. This allows comparing the effect of the

treatment while keeping the referral choice set constant.

Table 3.1: Places in the Top 3 according to composition rule

Baseline Quota
Merit-only 3 2
Reserved for low-SES 0 1

3.3.3 Socioeconomic Status Guessing Task

Participants make guesses about the anticipated SES of their classmates. We inform
participants that a computer algorithm randomly selects three students belonging to
strata 1, 2, or 3. They are tasked with nominating the people they believe the computer
could choose at random (Appendix Figure B.2 provides the illustration explaining the
task). Participants select three classmates from an alphabetically ordered list containing
all their classmates. This task measures the ability to distinguish SES independent of

test performance, as SES identification is relevant to our study.

"We solve ties among the top 3 randomly. We describe only the top 3 selection mechanism and provide

no feedback about the top 3 composition to participants.
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3.4 Sample, Incentives, and Procedure

We invited 849 undergraduate students to participate in the experiment. Our final sample
consists of 702 individuals who completed the study, resulting in an 83% participation
rate.® . We block randomized participants into treatments balancing gender and social
class. Table 3.2 presents key demographic characteristics and academic performance
indicators across treatments (Appendix Table A.1 illustrates the selection into the exper-
iment). The sample is well-balanced between the Baseline and Quota conditions and
we observe no statistically significant differences in any of the reported variables (all p
values > 0.1). Our sample is characterized by a majority of low-SES students with about
one-third of the sample being first-generation college students. The gender distribution

is balanced. The mean GPA of 3.95 is consistent across both treatments.

8The missing students did not come to class on the day of the experiment.
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Table 3.2: Balance between treatment conditions

Baseline

Quota p
Low-SES 59% 55% 0.297
Female 52% 47% 0.195
Cognitive score (Raven’s) 10.04 10.27 0.322
Social score (MRMET) 18.45 18.50 0.886
GPA 3.95 3.95 0.828
Entry exam score 61.85 62.17 0.638
Age 19.33 19.02 0.228
First generation 34% 37% 0.386
Ethnic minority 1% 3% 0.133
Rural community 30% 27% 0.308
Scholarship 1% 1% 0.916
# semesters at university 3.18 3.17 0.916
N 368 334 702

Note: Low-SES indicates strata 1, 2, or 3. Cognitive score measures Raven’s performance

out of 18 questions. Social score reflects MRMET performance out of 36 questions. GPA

indicates average grades out of 5. Entry exam represents the average score across reading,

math, social sciences, and science components of Colombia’s standardized university en-

trance exam ICFES. First generation indicates neither parent attended university. Rural

community denotes residence in a non-urban area. p-values for binary outcomes are from

two-sample tests of proportions; for continuous variables, from two-sample t-tests with

equal variances. All reported p-values are two-tailed.
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Participants could earn bonuses worth 100,000 Pesos (about 26 US Dollars) in each part
of the experiment. In the first part, we incentivized performance in the skill tests. 20%
of participants were eligible for the bonus. We randomly picked one skill test for each
eligible participant and drew a number between 1 and 100. The participant received
the bonus if the percentage of correct answers in the selected test exceeded the drawn
number. Chances of earning the bonus increased with each correctly solved question by

5.5% (=1/18) for the Cognitive Skill test and by 2.78% (=1/36) for the Social Skill test.



In the second part, we incentivized referrals among the top 3 performers. 40% of partici-
pants were eligible for the bonus. We randomly selected one skill test and one referral for
each eligible participant. The participant received the bonus if their referral was among
the top 3. In the third part, we incentivized the correct identification of low-SES peers.
20% of participants in each classroom were eligible for the bonus. We randomly selected
one guess for each eligible participant. The participant received the bonus if their guess
correctly identified a low-SES peer. Draws for the bonuses were independent meaning

participants could earn multiple bonuses.

Data collection occurred during the last two weeks of April 2024. Our local partner co-
ordinated scheduled classroom visits and recruited research assistants to administer the
experiment. Students present in class on the scheduled visit dates participated. Each
classroom visit constituted a separate session. There were in total 35 sessions.’ Par-
ticipants accessed the Qualtrics-based experiment using their smartphones during these
visits. The median time to complete the survey was 20 minutes, with a compensation of

$26 for 117 lottery winners.

3.5 Results

3.5.1 Can peers screen cognitive and social skills?

Our first goal is understanding whether higher skilled individuals get more referrals.
Because every referrer nominates 3 classmates per skill, analyzing only the extensive
margin, i.e., whether an individual gets a referral, is not very informative.'® We consider
the percentage share of referrals from individuals in Baseline condition as our dependent
variable. This approach combines the intensive and extensive margins and also makes

comparisons across classrooms with different sizes easier.!!

9See Appendix Figures A.2a, A.2b and A.2c¢ for the distribution of skills and GPA across classrooms

and Appendix Table A.3 for diversity in program choices.
100nly 86 of the 849 students (10%) never get a referral for either skill.
U The number of participants in a classroom mechanically drives the number of total referrals that

could be received by an individual. By normalizing referrals we focus on differences within classrooms.
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Formally, we define the percentage share of referrals received by individual ¢ from partic-

ipants j in classroom ¢ and in Baseline condition (Vj € B,) for skill s as:

Zj;éz‘ TS
n.— 1(i € B,.)

yi = x 100 (3.1)
where n, represents the number of participants in the Baseline condition in classroom c.
The indicator 77, takes value 1 if participant j in the Baseline condition refers individual
1 for skill s, and 0 otherwise, and require both ¢ and j to be in the same classroom c. The
denominator n. — 1(i € B,) accounts for the maximum possible referrals that individual
i could receive. If ¢ is in the Baseline condition (1(i € B.) = 1), we subtract one
from n, to account for the self-referral restriction.'? This normalized measure represents
the percentage of potential referrals actually received by each individual, adjusting for
classroom size and treatment status. By construction, y; € [0, 100] for all ¢, and we can

compare referrals across classrooms of different sizes. Figures 3.2a and 3.2b present the

distribution of our dependent variable.

1233.8 percent of participants in the sample for cognitive and social skills self-referred, while explicitly
instructed not to do so. In Appendix Table A.4 we compare the outcomes of those who self-refer. Self-
referrers are more likely to be low-SES, and have significantly lower cognitive skill (0.2 SD) and GPA
(0.25 SD). We rule out the hypothesis that self-referrers nominate themselves strategically. As self-
referrerals are not informative and add noise to our estimates, we drop these instances from our paired
referral-referrer sample in subsequent analyses. Self-referrering participants’ remaining referral choices

are kept in the dataset.
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Figure 3.2: Distribution of referrals by skill in Baseline
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Note: Figures show the percantage of referrals recieved from participants in the
Baseline condition for cognitive and social skills. The left panel shows the frequency
histogram and the right panel shows the empirical cumulative distribution function
(ECDF). A two-sample Kolmogorov-Smirnov test shows no statistically significant
difference between the share of referrals received across the skill distributions (D =

0.0363, p = 0.668).

Under performance pay in the Baseline condition, classmates with higher scores in the
skill tests should collect more referrals if classmates can screen skills. Our independent

variables are the standardized skill test scores. We estimate referral percentage shares y;':
y; = o’ + BiScore; + € (3.2)

Table 3.3 illustrates our first findings. Our preferred specification includes classroom
fixed effects. The comparison of interest is the point estimates for different test scores.
In column (2), a one standard deviation increase in cognitive skill score causes a 1.5
percentage point increase in the share of referrals received. On a base rate of 13%, this
is a modest increase of 11.5 percent. In column (4), 95% confidence intervals rule out
that a one standard deviation increase in the social skill score results in more than a 0.1

percentage point difference in the share of referrals received.
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Result 1 Participants have difficulties screening skills in the Baseline condition, with

modest screening ability for cognitive and no screening ability at all of social skill test

scores.
Table 3.3: Share of referrals received conditional on skill test score
Cognitive Social
(1) (2) (3) (4)
Score 1.197%* 1.497%** 0.037 -0.080
(0.479) (0.464) (0.474) (0.461)
Dep. var. mean 12.986 12.981 13.049 13.050
Classroom FE No Yes No Yes
R? 0.008 0.116 0.000 0.100
Observations 665 665 665 665

Note: Classroom-level clustered standard errors in parentheses. * p < 0.1, ** p < 0.05,
*** p < 0.01. Dependent variables are the percentage of referrals received relative to all
referrals. “Score” refers to standardized test scores for cognitive and social skills. Sample
restricted to 665 individuals for whom we have complete administrative and experimental

data.

3.5.2 Grades as a proxy for skills

Absence of a clean skill-signal or the lacking the screening ability for skills may have
pushed partipants to refer classmates using proxies of skills. Proxies are peer beliefs about
strong correlates for skills. A potential proxy for cognitive skill (i.e., “smart students”)
would be the “students with good grades” in the classroom, as measured by GPA. Figure
3.3 illustrates the relationship between grades, skill score, and the share of referrals

received.
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Figure 3.3: Referral shares by GPA and skill test scores
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Note: The left panel shows how GPA and cognitive skill scores vary with the share of
cognitive skill referrals received, while the right panel shows the same for GPA and
social skill score for the share of social skill referrals received. Solid lines indicate
95% confidence intervals and dashed lines indicate the means. Qutput is truncated

at 60 percent of referral share for the sake of having meaningful confidence intervals.

The idea that grades signal cognitive skill is a common belief among researchers and prac-
titioners alike. Yet, cognitive skill and grades are far from perfectly correlated (Heckman
& Kautz, 2012; Heckman et al., 2006), and screening with such beliefs may not lead to
good referrals. Indeed, GPA correlates very weakly with skill test scores in our sample
(see Appendix Table A.2). We capture the screening behavior using proxies by including
the standardized GPA of referrals as an independent variable. We reestimate referral

percentage shares for the Baseline condition:

gl = a® + BISKill + BiGPAS + ¢ (3.3)
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Table 3.4 illustrates our findings. Our preferred specification includes classroom fixed
effects. The comparison of interest is the difference between point estimates for skill test
scores and GPA. In column (2), a one standard deviation increase in cognitive skill score
causes a 1.1 percentage point increase in the share of referrals received when controlling
for GPA. On a base rate of 12.8%, this is a comparable increase in magnitude of about
8.6 percent to our previous estimate in Table 3.3, and suggests cognitive skills have an
independent effect on referrals. However, a one standard deviation increase in GPA
causes a substantial 4.4 percentage point increase in the share of referrals received when
controlling for cognitive skill score. This is an increase of four times in terms of magnitude
(34 percent) when compared to cognitive skill, and suggestive of the extent to which

academic performance is easier to screen among peers in our setting.

In column (4), 95% confidence intervals rule out that a one standard deviation increase in
the social skill score results in more than a 0.5 percentage point difference in the share of
referrals received. This is consistent with our previous estimate confirming participants
cannot screen social skill scores. On the other hand, a one standard deviation increase in
GPA causes a substantial 3.8 percentage point increase in the share of referrals received
when controlling for social skill. This is a 30 percent increase in the share of referrals

when including controls for social skill.

Result 2 For both skills, we find strong evidence that grades act as a proxy for referral

decisions.
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Table 3.4: Share of referrals received conditional on skill test score and

academic performance

Cognitive Social
(1) (2) (3) (4)

Score 0.873* 1.080** -0.278 -0.527

(0.467) (0.455) (0.460) (0.409)
GPA 3.949%4* 4.364*** 3.429%** 3.789%*x*

(0.664) (0.684) (0.581) (0.651)
Dep. var. mean 12.806 12.783 12.891 12.876
Classroom FE No Yes No Yes
R? 0.095 0.204 0.064 0.165
Observations 665 665 665 665

Note: Classroom-level clustered standard errors in parentheses. * p < 0.1, ** p < 0.05,

**% 1 < 0.01. Dependent variables are the percentage of referrals received relative to all

referrals. “Score” refers to standardized test scores for cognitive and social skills. GPA

is standardized to mean zero and unit variance. Sample restricted to 665 individuals for

whom we have complete administrative and experimental data.

3.5.3 Types of Referrals

In this section, we expand on the diversity in referral choices to differentiate between
referrers using GPA proxy and others. Despite having the opportunity to nominate up
to six different classmates across two skills, referrals choices were highly concentrated.
The median participant nominated two classmates in common, effectively using four of
their six referral slots for the same individuals. Considering self-referrals which illustrate
participants’ original choices,'® the majority of participants nominated two classmates in
common for both skills, and picked themselves or someone else with almost equal prob-

ability. We visualize referral concentration by plotting the number of common referrals

13Gelf-referrals were not valid and are excluded from the main analyses.
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made across skills in Figures 3.4a and 3.4b.1

Figure 3.4: Common referrals between skills at Baseline
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Note: Figures show the distribution of common referrals with and without self-
referrals. The first bar (value of 0) indicates the share of participants with 6 unique
referrals. The last bar (value of 3) indicates the share of participants with 3 identical

referral choices across both skills.

With such a large share common referrals across skills, it is possible that participants
believed classmates with a higher score in one skill would also have a higher score in the
other. Would such beliefs be accurate? There is modest (p = 0.267) correlation between
the two skill test scores (see Appendix Table A.2). To understand whether making com-
mon referrals is strategic, we turn to the incentives. Participants were incentivized to pick
the top 3 performers for each skill to earn a fixed bonus. Looking at the characteristics of
top skilled participants in Appendix Table A.6, we find that conditional on being among
the top 3 for one of the skills, only 1 in 3 participants were in the top 3 for the other
skill too. This suggests ez-post making more than 1 common referral across skills would

decrease the chances to win the bonus.

14In Appendix Table A.5 we compare the characteristics of referrers who make unique referrals to
those who made at least one common referral. Results suggest minimal differences in GPA, skills, and

social class.
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A competing explanation for the amount of common referral choices between skills cou-
pled with the notable difficulties in screening for skills would be that individuals who
refer classmates twice for both skills are worse at screening. This imples the underlying
heterogeneity in skill identification results in differential referral strategies where partic-
ipants with a good signal for a skill choose to refer classmates only once for that skill,
and those without a good signal use the grades proxy and refer classmates for both skills.
We can test both hypotheses in our data: If “common” referrers -defined as those who
refer an individual for both skills- are better at screening at least one of the skills, point
estimates for skills in common referrals would be larger than those made uniquely for a
skill. This would give credence to beliefs about correlated skills. On the other hand, if
common referrers are worse in skill identification compared to unique-referrers and use
GPA proxy for referrals, we can infer that they have no additional information about

skills.

We compare the outcomes of participants who recieve common referrals from their class-
mates to those who recieve unique referrals per skill. Formally, let indicator i7" take
value 1 if individual j referred individual ¢ for both skills. The percentage share of refer-
rals received by individual 7 from participants in classroom ¢ and in Baseline condition

(Vj € B.) is:

ST
common __£=i#i % 100 3.4
Yie e —1(i € B.) (34)

where n. represents the number of participants in the Baseline condition in classroom

common

c¢. The indicator 77, takes value 0 if participant j in the Baseline condition does

not refer individual ¢ for both skills. The denominator n, — 1(i € B,) accounts for the

maximum possible “common” referrals that individual ¢ could receive as before. Similarly,

s,unique

let 75, take value 1 if individual j referred individual ¢ only for skill s. The percentage

share of “unique” referrals received by individual ¢ from participants in classroom ¢ and

in Baseline condition (Vj € B,) for skill s is:

‘ Z o Tts,'um'que
s,unique jF#i ' ije
: = x 100 3.5
Yie e —1(i € B,) (35)

and it follows that for any s, percentage share of “unique” and “common” referrals received
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by individual ¢ from participants in classroom ¢ and in Baseline condition (V5 € B.)

must add up to the total share of referrals received:

o = Gy (36)

ic

Table 3.5 shows the distribution of the referrals types in our sample. 37% of referrals fall

under the type y£o™"" as pairs. This is equivalent to saying 54% of cognitive and social
skill referrals were made in common. Figures 3.5a and 3.5b present the distributions of

the three referral types.

Table 3.5: Distribution of Referral Types

Frequency Share (%)
Common 945 37.06%
Unique Cognitive 794 31.14%
Unique Social 811 31.80%
Total 2,550 100.00%

Note: Common referrals indicate the pair when the same classmate was referred for both
cognitive and social skills. Unique referrals indicate when a classmate was referred for

only one of the skills.
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Figure 3.5: Distribution of common and unique referrals in Baseline
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Note: Figures show the percantage of referrals recieved from participants in the
Baseline condition depending on the referral type. The left panel shows the fre-
quency histogram and the right panel shows the empirical cumulative distribution
function (ECDF). Two-sample Kolmogorov-Smirnov tests show no statistically sig-
nificant differences between the share of referrals received between “unique” cognitive
and “unique” social referral distributions (D = 0.0125, p = 1.000) as well as “com-
mon” referrals (D = 0.0602, p = 0.111 for cognitive and D = 0.0551, p = 0.177 for

social).

We regress Equation 3.3 for our three new dependent variables and report our findings in
Table 3.6. Our preferred specification includes classroom fixed effects. The comparison
of interest is the skill test scores and GPA estimates across columns. In column (2), we
find that a one standard deviation increase in GPA causes a 3.7 percentage point increase
in the share of “common” referrals received when controlling for skill test scores. This
is a substantial 50 percent increase on a base rate of 7.4%. Cognitive skills remain sta-
tistically insignificant and social skills show a marginally significant negative coefficient,
suggesting that participants who nominate the same individuals for both skills primarily

make referrals based on academic performance.

For participants who receive unique cognitive skill referrals, in column (4), we find that
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a one standard deviation increase in GPA causes a 0.75 percentage point increase in
the share of referrals when controlling for cognitive skill test score. A one standard
deviation increase in cognitive skill test score causes a larger 1.1 percentage point increase
in referrals when controlling for GPA. These are respectively 14 and 20 percent increases
in the share of referrals received, and suggest participants are able to screen higher skilled
peers when uniquely referring for cognitive skill. The lower base rate of 5.4% compared to
7.4% in column (2) suggests less than half of referrals came from “unique” referrals. The
GPA estimate is five times smaller in magnitude compared to column (2), and suggests
a smaller weight put on the grades proxy. Nevertheless, the comparable magnitudes of
GPA and cognitive skill point estimates still suggest participants refer peers with higher
grades much more often than the correlation between the two supported by the data
(p = 0.085). There is heterogeneity in skill identification ability when uniquely referring

for cognitive skill.

For participants who receive unique social skill referrals, in column (6), 95% confidence
intervals rule out that a one standard deviation increase in social skill test score or GPA
result in more than a 0.1 percentage point difference in the share of referrals received.
These results further support our previous finding that peers cannot screen social skills

in our sample, and do not attempt to screen social skills with the GPA proxy.

Result 3 The majority of participants nominate the same individuals in common for

both skills, cannot screen for skills and refer instead using the GPA proxy.

Result 4 Those who refer uniqely for cognitive skill can identify the skill test score, and
drive the entierity of the results in terms of peer skill identification. Still, they confound
cognitive skill with academic performance, and put comparable weights on the two. Those

who refer uniqely for social skill can neither screen social skill or use the GPA prozxy.
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Table 3.6: Share of “common” versus “unique” referrals received conditional on skill test

score and academic performance

Common Unique Cognitive Unique Social
(1) (2) (3) (4) (5) (6)
GPA 3.172%HK - 3.670%** 0.801°** 0.752%* 0.260 0.108
(0.464) (0.501) (0.391) (0.401) (0.334) (0.360)
Cognitive score -0.042 0.139 1.006***  1.084%**
(0.416) (0.388) (0.270) (0.281)
Social score -0.353 -0.553* 0.086 -0.011
(0.304) (0.272) (0.381) (0.357)
Dep. var. mean 7.407 7.382 5.400 5.401 5.485 5.493
Classroom FE No Yes No Yes No Yes
R? 0.093 0.194 0.028 0.130 0.001 0.090
Observations 665 665 665 665 665 665

Note: Classroom-level clustered standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
The dependent variable in columns (1)-(2) is the percentage share of “common” referrals received from
the same referrer, in columns (3)-(4) “unique” referral share for cognitive skill, and in columns (5)-(6) for
social skill. Independent variables are the respective standardized test scores for skills and GPA. Sample

restricted to 665 individuals for whom we have complete administrative and experimental data.

3.5.4 Social class bias across common and unique referral types

In this section, we analyze referrals from the perspective of social class while accounting
for the referral types described in this part. Based on the referral types from the previous
section, we document the existence of a social class bias in referrals when controlling for
skill test scores and academic performance at Baseline. Our dependent variables are the
percentage shares of referrals received at Baseline as defined in Equation 3.6, and we
include a social class dummy for the participant receiving the referrals. We estimate for

our three dependent variables:

yS = o + BIGPA; + B5Scored + BiSES; + € (3.7)
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Table 3.7 summarizes our findings. Our preferred specification includes classroom fixed
effects. The comparison of interest is the SES estimates for the three referral strategies.
In column (2), controlling for skill test scores and GPA, the point estimate for low-SES
is not statistically significant. Skill score and GPA estimates are robust to the inclusion

of this variable and remain close to those in Table 3.6.

For participants who receive unique cognitive skill referrals in column (4), we find that
being low-SES causes a 1.8 percentage point decrease in the share of referrals when
controlling for cognitive skill and GPA. This is a substantial 28 percent difference in the
share of referrals received, confirming participants are biased against low-SES peers when
uniquely referring for cognitive skill. Skill test scores and GPA estimates are robust to
the inclusion of this variable. GPA and low-SES are not confounders as there are no
significant differences across social classes in terms of GPA (see Appendix Figure A.3).
The low-SES bias is consistent with the data where low-SES students underperform in

the cognitive skill test (see Appendix Figure A.4a).

For participants who receive unique social skill referrals, in column (6), the point esti-
mate for low-SES is not statistically significant. GPA and social skill estimates remain
similar to those in Table 3.6. The finding that low-SES students underperform across
skill dimensions is also consistent with earlier research (Falk et al., 2021), though we find

that low-SES bias manifests only in unique cognitive skill referrals.

Result 5 We document a sizeable low-SES bias for unique cognitive skill referrals when

controlling for cognitive skill test score and academic performance of peers.
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Table 3.7: Share of “common” versus “unique” referrals received conditional on skill test

score, academic performance, and social class

Common Unique Cognitive Unique Social
(1) (2) (3) (4) (5) (6)
GPA 3.170%FF  3.663%* 0.797** 0.766* 0.260 0.111
(0.462) (0.499) (0.386) (0.388) (0.334)  (0.360)
Cognitive score 0.000 0.167 0.869***  0.973%**
(0.411) (0.382) (0.261) (0.274)
Social score -0.306 -0.524* 0.047 -0.027
(0.315) (0.286) (0.372)  (0.354)
Low-SES 0.799 0.568 -2.017%Fk _1.814%* -0.549 -0.260

(0.939) (0.934) (0.711) (0.713)  (0.610)  (0.593)

Dep. var. mean 6.948 7.056 6.558 6.442 5.800 5.642
Classroom FE No Yes No Yes No Yes
R? 0.094 0.194 0.044 0.142 0.002 0.090
Observations 665 665 665 665 665 665

Note: Classroom-level clustered standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
The dependent variable in columns (1)-(2) is the percentage share of “common” referrals received from
the same referrer, in columns (3)-(4) “unique” referral share for cognitive skill, and in columns (5)-(6)
for social skill. Independent variables are the respective standardized test scores for skills, GPA, and a
dummy for low socioeconomic status. Sample restricted to 665 individuals for whom we have complete

administrative and experimental data.

3.5.5 Social class bias and the Quota treatment

In the following empirical specification, we document whether there is a social class bias
in aggregate, and whether the Quota treatment causes referral shares of low-SES partic-
ipants to change when controlling for skills and academic performance. We hypothesized
that the Quota treatment should increase referrals to low-SES peers because of the ad-
ditional incentive to refer low-SES. The dependent variable is the percentage share of

referrals received as defined for the Baseline treatment in Equation 3.1, now extended
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to the referrals from the Quota treatment. It is trivial to see y;. can also be calculated
for the Quota treatment as participants in every classroom are randomized into either
treatment. Now, every participant is observed twice in the data for the share of refer-
rals they received from participants in either treatment. We add a treatment dummy
to indicate whether the referrals came from participants in the Baseline or the Quota
treatment. We also add a social class dummy for the participant receiving the referrals

to our specification and estimate:

Y. = o’ + ] Quota; + B3SES; + B5(Quota, x SES;) + 5;Score; + B:GPA; + € (3.8)

Table 3.8 illustrates our findings. Our preferred specification includes classroom fixed
effects. Our comparison of interest is the effect of the Quota treatment on low-SES
peers. In column (2) for cognitive skill, we find that being low-SES decreases the share
of referrals received by about 1.3 percentage points when controlling for the skill test
score and academic performance. This difference is not statistically significant, but its
direction and magnitude suggests a relatively large bias against low-SES classmates: A
one standard deviation increase in cognitive skill test score has a similar magnitude (0.8
percentage points). This finding suggests the low-SES bias is driven by those who made
unique cognitive referrals but it is not large enough to carry over to all cognitive skill
referrals considered together. In column (4) for social skill, we find that being low-SES
has no statistically significant effect on the share of referrals received when controlling

for the skill test score and academic performance.

Result 6 The low-SES bias is not large enough to carry over to all cognitive skill re-

ferrals when referrals are aggregated.
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Table 3.8: Share of referrals received by treatment, controlling for skill test score, aca-

demic performance, and social class

Cognitive Social
(1) (2) (3) (4)
Quota -0.073 -0.073 0.299 0.299
(0.755) (0.755) (0.716) (0.716)
Low-SES -1.230 -1.276 0.364 0.324
(1.079) (1.014) (1.282) (1.361)
Quota x Low-SES -0.167 -0.167 -0.835 -0.835
(1.117) (1.117) (1.181) (1.181)
Score 0.594 0.811* 0.201 -0.006
(0.448) (0.424) (0.426) (0.458)
GPA 3.184%#* 3.522%%* 2.819%#* 3.174%H%
(0.517) (0.552) (0.493) (0.621)
Dep. var. mean 13.551 13.558 12.706 12.714
Classroom FE No Yes No Yes
R? 0.060 0.158 0.044 0.134
Observations 1,330 1,330 1,330 1,330

Note: Standard errors in parentheses are clustered at both classroom and individual level. * p < 0.1, **
p < 0.05, *** p < 0.01. The dependent variables are the percentage share of referrals received for cognitive
and social skills. Quota is a dummy for the referrals received from classmates in the Quota treatment.
Low-SES is a dummy for participant’s socioeconomic status. Remaining independent variables are the
respective standardized test scores for skills and GPA. Sample includes 1,330 observations with complete

administrative and experimental data.

3.5.6 Quota treatment and referral productivity

As any intervention that changes the nomination decisions in terms of SES composition
should not reduce the productivity of referrals, the equity-efficiency traedeoff is a valid
concern for the Quota treatment. To address it, in Figure 3.6, we plot the share of

referrals received across the two conditions and the probability of being among the Top 3
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in the classroom for either skill. We find first that the slopes of the distributions are always
positive for the Quota treatment, indicating a positive relationship with the share of
referrals received. Second, a two-sample Kolmogorov-Smirnov test reveals no statistically
significant differences in the distribution of referrals between the two conditions for both
cognitive and social referrals. These suggest that the Quota treatment does not impact

the positive relationship between the share referrals received and productivity in skills.

Figure 3.6: Referral shares and the probability of being in the Top 3

Cognitive Social
kN Baseline i Baseline
Quota Quota

8 8
2 2
£ .67 £ .67
C C
© ]
o o
[s2] [s2]
Q. o
KR QS 4
ks S
2 2
5 3
8 27 8 .27
o <
o o S

0 0-

T T T T T T T T
0 20 40 60 0 20 40 60
Share of referrals (%) Share of referrals (%)

Note: The left panel shows how Baseline and Quota referral shares vary with the
probability of being in the Top 3 of the classroom for cognitive skill scores, while the
right panel shows the same figure for social skill scores. Solid lines indicate the 95%
confidence intervals, with dashed lines representing means. The output is truncated
at 60 percent of referral share to ensure meaningful confidence intervals. Two-
sample Kolmogorov-Smirnov tests reveal no statistically significant differences in the
distribution of referrals between Baseline and Quota conditions for both cognitive

referrals (D = 0.0351, p = 0.710) and social referrals (D = 0.0439, p = 0.427).

104



3.5.7 Effects of the Quota treatment across referral types

Effects of the social class bias gets diluted across common and unique referral types. A
large proportion of participants -“common” referrers- who struggle with skill identifica-
tion and screen for skills using the academic performance proxy. But there are no SES
differences for GPA in our sample. When referrals are made with academic performance
in mind, it seems reasonable not to observe a negative bias against low-SES. Then what

about skills, knowing that high-SES score higher in both measures?

We observe a bias in undersampling from equally well performing low-SES only for
“unique” cognitive skill referrals, where referrers screen better compared to “unique” social
skill referrals. We expect the Quota treatment be effective in increasing referrals for low-
SES only in a scenario where the skill can be screened, and turn toward our classification
of different referral types to test this hypothesis. To get clearer estimates for the effects
of the Quota treatment on low-SES referrals, we re-estimate the shares of “common”
and “unique” referrals. Following the same logic in the section before, we observe every
participant twice in each specification, and add a treatment dummy to indicate whether
the referrals came from referrers in the Baseline or the Quota treatment. We keep the

social class dummy and regress Equation 3.8 for the three dependent variables.

Table 3.9 illustrates our findings. Our preferred specification includes classroom fixed
effects. The comparison of interest is the SES of the participant receiving the referrals and
the effect of the Quota treatment across “common” and “unique” referral types. In column
(2), for participants who refer the same peers in common using the academic performance
proxy, we find no statistically significant effect of participant SES or the Quota on the

referrals share when controlling for skill test scores and academic performance.

For unique cognitive skill referrals, in column (4), we find that being low-SES in the
Baseline treatment reduces the percentage share of referrals received by 1.9 percentage
points when controlling for the skill test score and academic performance. This is a very
large effect size which translates to a decrease in referral share by 29 percent on a base
rate of 6.5%, and is similar to the one found in Table 3.7. In turn, the Quota treatment
increases referrals to low-SES by 1.42 percentage points when controlling for the skill test

score and academic performance. This is also a large effect size that results in an increase
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in low-SES referral share by 22 percent.

For participants who make unique social skill referrals, in column (6), we find no sta-
tistically significant effect of participant SES or the Quota on the referrals share when
controlling for the skill test score and academic performance. These are in accordance
with our previous findings that social skills cannot be identified in our setting and it is

possible that we do not observe the low-SES bias in this skill domain for this reason.

Result 7  There is a bias against low-SES peers only for the skill that is well-identified by
peers, and in which low-SES underperform. We find no evidence of a bias when referrals

are made based on academic performance where both social classes perform equally well.

Result 8 The bias in unique cognitive skill referrals is partially alleviated by the Quota
treatment. Because there is remarkable heterogeneity in the ability to detect SES for both
social classes (see Appendiz Figure A.5), this significant increase in low-SES referrals is

satisfying in our setting.
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Table 3.9: Share of “common” and “unique” referrals received by treatment, controlling

for skill test score, academic performance, and social class

Common Unique Cognitive Unique Social
(1) (2) (3) (4) (5) (6)
Quota 0.436 0.436 -0.509 -0.509 -0.136 -0.136
(0.817) (0.817) (0.598) (0.598) (0.523)  (0.523)
Low-SES 0.857 0.598 -2.074%FF _1.891%*%  -0.510 -0.256
(0.920) (0.897) (0.722) (0.710) (0.613)  (0.594)
Quota x Low-SES -1.584 -1.584 1.417%* 1.417%* 0.750 0.750
(1.159) (1.159) (0.656) (0.656) (0.717)  (0.717)
Cognitive score -0.079 0.095 0.658%#*  (.739%***
(0.374)  (0.346) (0.201) (0.210)
Social score 0.062 -0.091 0.158 0.061
(0.283) (0.236) (0.312)  (0.269)
GPA 2.322%H% 9 TTHAK 0.858%** 0.804** 0.502%* 0.439
(0.330) (0.366) (0.312) (0.340) (0.278)  (0.292)
Dep. var. mean 6.952 7.080 6.591 6.488 5.765 5.623
Classroom FE No Yes No Yes No Yes
R? 0.052 0.139 0.028 0.099 0.005 0.071
Observations 1,330 1,330 1,330 1,330 1,330 1,330

Note: Standard errors in parentheses are clustered at both classroom and individual level. * p < 0.1, **

p < 0.05, ¥** p < 0.01. The dependent, variable in columns (1)-(2) is the percentage share of “common”

referrals received from the same referrer, in columns (3)-(4) “unique” referral share for cognitive skill,

and in columns (5)-(6) for social skill. Quota is a dummy for the referrals received from classmates

in the Quota treatment. Low-SES is a dummy for participant’s socioeconomic status.

Remaining

independent variables are the respective standardized test scores for skills and GPA. Sample includes

1,330 observations with complete administrative and experimental data.
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3.6 Conclusion

In this paper, we study how accurately individuals assess productivity of their peers across
different skill dimensions and whether these assessments systematically disadvantage low-
SES individuals in a diverse university setting. Through a lab-in-the-field experiment that
isolates screening ability, we find that the accuracy of peer productivity assessments varies

significantly across skill types, with implications for referral-based screening.

Our findings reveal that peers can effectively identify cognitive skills but struggle to assess
social skills in their classmates. This differential screening ability appears to stem from
the inherent challenges in evaluating interpersonal capabilities compared to cognitive
abilities. When faced with uncertainty in skill assessment, peers often rely on observable
proxies like academic performance which may be misleading. This suggests that the
effectiveness of peer assessments depends crucially on how discernible the target skill is,

rather than indicating a fundamental limitation of referrals as a screening mechanism.

These results complement the broader literature showing referrals’ effectiveness in worker
screening by highlighting how skill visibility affects assessment accuracy. While previous
work demonstrates that referrals successfully identify productive workers overall (Pallais
& Sands, 2016), our findings suggest their effectiveness may vary across different dimen-
sions of human capital. This variation is particularly relevant given the growing impor-
tance of social skills in the labor market as found in other research (Deming, 2017). Our
evidence also supports earlier evidence that accurate assessment of social skills remains
challenging (Bassi & Nansamba, 2022), suggesting the need for either longer periods of
interaction to discern these skills or development of alternative assessment methods that

can better capture interpersonal capabilities in referral settings.

Looking forward, our findings suggest several implications for improving screening mech-
anisms in similar settings. First, institutions that implement referral programs may need
to develop complementary tools for evaluating less visible skills like interpersonal capa-
bilities, perhaps in the likes of the social skill certificates in Bassi and Nansamba (2022).
Second, our results on social class bias - finding it only in unique cognitive skill referrals

and its mitigation through quota incentives without compirimising productivity- indicate
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that targeted interventions can effectively address specific biases without compromising
the overall screening process. Future research could investigate how to optimize referral
programs to leverage their strengths in identifying easier to discern skills while developing

better methods for assessing harder to observe skills.
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A.1 Additional Figures and Tables

A.1.1 Additional Figures

Figure A.1: Stratum distribution of the sample

31.43

2 3 4 5
SES indicator (1-3 low and 4-6 high)

Note: This figure shows the distribution of strata in the sample of students that participated in the
study.
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Figure A.3: GPA by SES
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Note: This figure shows the distribution of GPA across SES. There are no significant differences in

the mean standardized GPA scores between high-SES and low-SES participants (¢ test p = 0.695).
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(a) Cognitive score by SES
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(b) Social score by SES
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Note: These figures show the respective distribution of cognitive and social skills
across SES. High social class outperform Low-SES in both skills (¢ tests have p
values < 0.001). We can visually verify that larger share of high-SES in quantiles

above median for both skills.
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Figure A.5: Distribution of guessing ability across SES
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Note: This figure shows the distribution of the guessing ability across SES. We calculate the guessing
ability as the share of succesful low-SES guesses minus the expected probability of randomly drawing
low-SES in class ¢. A score of 0 indicates an accuracy as good as random draws, below 0 drawing
worse than chance, and above 0 better than chance. There are significant differences in the mean
guessing ability between high-SES (M = 0.022, SD = 0.325, n = 271) and low-SES participants
(M = 0.093, SD — 0.302, n — 369), t(638) — —2.85, p — 0.005, d — 0.226. Low-SES participants
have higher guessing ability compared to their high-SES counterparts, with a mean difference of 7

percentage points.
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A.1.2 Additional Tables

Table A.1: Selection into the experiment

Sample Missing P
Referral share (both skills) 0.127 0.043 0.000
GPA (standardized) 0.044 -0.273 0.001
Entry Exam (standardized) 0.028 -0.168 0.046
# Semesters at UNAB 3.171 3.188 0.884
Age 19.182 20.287 0.001
Female 49.8% 48.5% 0.788
Ethnic Minority 2.1% 4.4% 0.114
Rural Community 28.8% 31.6% 0.501
Has Scholarship 0.8% 0.7% 0.899

Note: Values for female, ethnic minority, rural community, and scholarship rep-
resent percentage proportions. All other variables represent means. p-values for
gender, ethnic, rural, and scholarship are from two-sample tests of proportions. For
all other variables, p-values are from two-sample t-tests with equal variances. All

tests compare the sample and missing students. All reported p-values are two-tailed.

Table A.2: Correlation between GPA, entry exam, and skill test scores

GPA  Cognitive score  Social score  Entry Exam

GPA 1.000

Cognitive score  0.083 1.000

Social score 0.091 0.266 1.000

Entry Exam 0.229 0.403 0.267 1.000

Note: Pairwise correlation between GPA, entry exam, and skill test scores. Sample is

restricted to 655 participants with complete administrative and experimental data.
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Table A.3: Between-Classroom Variation in Academic Programs

Statistic Most common program share
Mean 0.424
Standard Deviation 0.216
10th percentile 0.174
25th percentile 0.292
Median 0.345
75th percentile 0.533
90th percentile 0.696
# classrooms with share 1 3
Most diverse classroom 0.154
# classrooms 35

Note: Table shows the distribution of academic programs across classrooms, measured
by the share of students from the most common program in each classroom. Three
classrooms are completely homogeneous (share = 1). In the median classroom, the most
common program accounts for 34.5% of students. The most diverse classroom has only

15.4% of students in the same program. Data based on 849 students across 35 classrooms.
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Table A.4: Characteristics of self-referrers

No self-referral Any self-referral A D

GPA 0.132 -0.120 0.252 0.002
(1.003) (0.966)

Cognitive score 0.087 -0.118 0.205 0.013
(0.988) (1.023)

Social score 0.034 -0.038 0.072 0.374
(1.003) (0.959)

Low-SES 0.605 0.511 0.094 0.021
(0.490) (0.501)

N 440 225 665

Share (%) 66.2 33.8 100

Note: Table compares standardized scores between participants who self-referred at least

once (N = 225) and those who did not (N = 440). Positive differences indicate higher

scores for those who never self-referrered. p-values from two-sided t-tests (GPA, Cognitive

Skill, Social Skill) and proportion test (Low-SES). The results suggest self-referrers have

significantly lower cognitive skills and GPA, and are more likely to be low-SES. Standard

deviations in parentheses, samples restricted to participants with complete administrative

and experimental data.
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Table A.5: Characteristics of participants who make overlapping referrals

Unique referrals ~ Common referrals A D

GPA 0.057 0.045 0.012  0.903
(0.983) (1.009)

Cognitive score 0.110 0.024 0.086 0.371
(1.005) (0.979)

Social score -0.014 0.033 -0.047  0.621
(0.938) (0.981)

Low-SES 0.530 0.597 -0.067  0.164
(0.501) (0.491)

N 132 512 644

Share (%) 20.5 79.5 100

Note: Table compares characteristics between participants who made at least one over-

lapping referral (N = 512) to those who did not (N = 132, 20.5%). Overlapping referrals

indicate cases where a participant referred the same classmate once for cognitive or social

skills. Positive differences indicate higher scores for those who made no overlapping refer-

rals. The results suggest minimal differences across all variables. p-values from two-sided

t-tests (GPA, Cognitive Skill, Social Skill) and proportion test (Low-SES). Standard de-

viations in parentheses, sample restricted to participants with complete administrative

and experimental data.
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Table A.6: Characteristics of Top Performers and Referrals

Cognitive Social Both
Top 3 Referrals Top 3 Referrals Top 3
Cognitive score 1.223 0.112 0.383 0.058 1.201
(0.419) (1.009) (0.922) (1.015) (0.458)
Social score 0.357 0.086 1.340 0.042 1.391
(0.923) (0.996) (0.395) (1.009) (0.453)
GPA 0.277 0.251 0.264 0.212 0.551
(0.990) (1.021) (1.046) (1.004) (0.897)
Low-SES 0.457 0.532 0.456 0.555 0.500
(0.500) (0.499) (0.500) (0.497) (0.507)
N 129 1,759 114 1,775 36
Share (%) 20.0 100 17.7 100 5.6

Note: Table shows characteristics of students ranked in the top 3 of their classroom and average char-

acteristics of referred students, by skill. Standard deviations in parentheses. Sample restricted to par-

ticipants with complete administrative and experimental data. All continous variables are standardized.

123



A.2 Experiment

We include the English version of the instructions used in Qualtrics. Participants saw
the Spanish version. Horizontal lines indicate page breaks, and clarifying comments are

inside brackets.

Please enter the password:

[classroom-specific password sent to each participant the day before data collection]

Welcome

Welcome to this study organized by the Social Bee Lab. You have been invited to partici-
pate in a survey where you can make a series of decisions. The study takes approximately
20 minutes to complete. During the study, you should not communicate with any other
students. If you have any questions at any time, please raise your hand. One of the

assistants will help you privately.

In this study, you can win bonus money depending on your choices. In total, we will draw
|classroom-specific number equal to 40% of class size| bonuses of 100.000 pesos among the
participants of this classroom. It is also possible for the same person to win more than
one voucher. The following screens will detail how the bonus draw will be conducted.

The UNAB finance office will make the payment of the vouchers through Nequi.

All your decisions in this survey will be anonymized. Therefore, the answers you provide
will not affect your grades in this class or your records at the university. We will use your

personal information to determine the bonus allocation, but after that, we will remove
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any data that identifies you.

This survey has several parts. Fach of these parts has specific instructions. Please read
the instructions for each part carefully because they describe how you can earn bonuses.
This study has been approved by the [omitted for anonymous review| on the condition
that all the information we provide is true and all the bonuses we offer are real.

On the next screen, we present you with an informed consent form that you must accept

to participate in this study.

Informed Consent

You have been invited to participate in a study to learn more about how people make

decisions in common scenarios.

This study is conducted by [omitted for anonymous review| and the Social Bee Lab at
UNARB. The purpose of this study is to broaden our understanding of how people make

decisions.

Participation in this study is voluntary. You may opt-out at any time. No known risks
are associated with your participation in this project beyond those of everyday life. Apart

from the monetary bonuses that will be drawn, participation has no direct benefits.

The Social Bee Lab is in charge of data collection. Your answers in this study are anony-
mous and will not be shared with anyone. In addition to your answers, UNAB will
provide the Social Bee Lab with administrative records of your courses and your univer-
sity entrance exam score. Your records, decisions, and your identity will be kept strictly

confidential. Data about you collected within the scope of the study are used for scientific
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purposes only and are treated as strictly confidential. The Social Bee Lab will anonymize
your data, and the researcher will analyze it without knowing your identity. All data
generated will be stored on the researcher’s computer. You have the right to access your
personal data and request its deletion. You can exercise this right by contacting the

researcher.

If something is unclear or you have any questions, you can contact [omitted for anony-

mous review].

If you have questions about your rights as a participant, you can contact [omitted for

anonymous review|.

By continuing to the next screen, you agree to participate in this study.

Before you start, please answer these four questions.

What is your gender?

[Male, Female]

What is the socio-economic stratum to which your family belongs?

[Stratum 1 to Stratum 6]

What is your father’s highest acquired level of education?
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[Primary school, High school, Technical school, Undergraduate, Graduate, Postgraduate,

Not applicable.]

What is your mother’s highest acquired level of education?

[Primary school, High school, Technical school, Undergraduate, Graduate, Postgraduate,
Not applicable.|

Part 1

You will now participate in two quizzes, each lasting five minutes. Please try to answer

them to the best of your ability.

We will allocate up to |classroom-specific number equal to 20% of class size| bonuses of
100.000 pesos in this first part. The steps to allocate the bonuses for Part 1 are explained

below.

|classroom-specific illustrations explaining the incentive structure]
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[random assignment to either cognitive or social skills test|

Test - Cognitive Skill

In this test, you will see a series of images. Below is an example of the images you will
solve. At the top of each image, there is a pattern with a piece that has been removed.
Your task is to choose which of the six pieces completes the pattern correctly. For each

image, there is only one correct piece. Look at the following example:

O

)

2> €D [

o LD (8D

First, notice a square in the upper left, the upper right, and the lower left. Also, notice

that the circle is eliminated when one moves from the upper left to the upper right.
Finally, the rhombus is eliminated when moving from the upper left to the lower left.
Therefore, the correct piece should eliminate the circle and the rhombus, leaving only a

square. So, the correct answer is piece 5.

To give your answer to each image, you must choose the correct option and then continue

to the next screen. After giving your answer you cannot go back.

You will have 5 minutes to complete the test, which consists of 18 images to solve. The
percentage of correct answers will determine your chances of winning one of the 100.000

pesos bonuses if you are chosen for the drawing.
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Are you ready?

Your 5 minutes will start as soon as you move to the next screen.

Problem 1

|[screenshot of Raven’s matrix|

[After participants submit an answer, a new matrix appears on the screen. The sequence
of matrices is the same for all participants. Participants cannot return to a previous

screen. Participants do not have to provide answers for all 18 matrices.|

You have finished the test. You can proceed to the next screen.

How did you do on the test?

If we randomly choose 10 participants from this classroom, how many people do you
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think solved fewer correct problems than you?

[Slider from 0 to 10]

Test - Emotions

In this test, you will see a series of photographs. Below is an example of the pictures you
will see. In each picture, you will see the eyes of a person. Below the picture, you will
see four possible emotions that this person is feeling. Your task is to choose which of the
four emotions correctly describes what the person is feeling. For each picture, there is

only one emotion. Look at the following example:

[Happy, Disappointed, Shocked, Worried|

In this case, the correct answer is: Shocked.

To give your answer to each picture, you must choose the correct option and then con-

tinue to the next screen. After giving your answer you will not be able to go back.

You will have 5 minutes to complete the test, which consists of 36 photographs to solve.
The percentage of correct answers you get will determine your chances of winning one of

the 100.000 pesos bonuses if you are chosen for the drawing.
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Are you ready?

Your 5 minutes will start as soon as you move to the next screen.

Photograph 1: Choose the word that best describes the photograph

[photo from Multiracial Reading the Mind in the Eyes Test]

[After participants submit an answer, a new photo appears on the screen. The sequence
of photos is the same for all participants. Participants cannot return to a previous screen.

Participants do not have to provide answers for all 36 photos.|

You have finished the test. You can proceed to the next screen.

How did you do on the test?

If we randomly choose 10 participants from this classroom, how many people do you

think solved fewer correct photographs than you?
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[Slider from 0 to 10]

Part 2

At the beginning of this study, all participants took two tests, one on cognitive ability
and one on emotions. In this part, we will ask you to recommend the people who in your

opinion will score the best on each test.

You may recommend 3 people per test, but you may not recommend yourself.

We will allocate up to [classroom-specific number equal to 40% of class size| bonuses of

100.000 pesos for Part 2. The steps for allocating bonuses are explained below.

[random assignment to either quota or baseline condition]|

[classroom-specific illustrations explaining the incentive structure depending on assign-

ment to either baseline or quota conditions|

[random assignment to either cognitive or social skills referral task|

132



Figure B.1: Illustrations for the two conditions

For each test, the computer ranks
every classmate according to their
score, and the highest scorers are in

The computer ranks classmates from
strata 1,2, and 3 according to their
score and selects the highest scorer.
That classmate is the first person in
the TOP 3

*In case of ties, we solve them randomly *In case of ties, we solve them randomly

(a) Baseline (b) Quota

Recommendation - Cognitive Skill

All participants took a test to identify the missing pattern in each image, as in the ex-

ample below. This test is used to measure general intelligence.

o> [BD B

o LD (8

Next, we will present you with a list of the names of all the students in this room. We will

ask you to recommend the three people you think will score the highest on the general

intelligence test.

If you are chosen by the computer, each of your recommendations in the top 3 increases

your chances of winning one of the 100.000 pesos bonuses.

133



Select the students in this classroom who you consider to have the highest scores on the

general intelligence test. (Select 3 students)

|Classroom-specific list of all classmate names visible on one screen. Participants have to

pick 3 classmates to continue. Picking their own name invalidates their choices.|

Recommendation - Emotions

All participants took a test where they had to identify the emotion that best described
the expression of each image as in the example below. This test is used to measure social

skills.

»

Next, we will present you with a list of the names of all the students in this room. We

will ask you to recommend 3 people you think will score the highest on the social skills

test.

If you are chosen by the computer, each of your recommendations in the top 3 increases

your chances of winning one of the 100.000 pesos bonuses.
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Select the students in this classroom who you consider to have the highest scores on the

social skills test. (Select 3 students)

|Classroom-specific list of all the names visible on one screen. Participants have to pick

3 classmates to continue. Picking their own name invalidates their choices.|

Part 3: Recommendation - Random draw

In this part, the computer will randomly choose three students who belong to strata 1,

2, or 3. We will ask you to nominate three people you think the computer will choose.

We will allocate up to [classroom-specific number equal to 20% of class size| bonuses of

100.000 pesos for Part 3. The steps for allocating the bonuses are explained below.

[classroom-specific illustrations explaining the incentive structure]

Select the students in this classroom who belong to strata 1, 2, or 3, who you think will

be randomly selected by the computer (Select 3 students).
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Figure B.2: Illustration for the Guessing Task

The computer selects 3
classmates from strata 1,2, and 3
by chance. These classmates
form the GROUP 3

|Classroom-specific list of all the names visible on one screen. Participants have to pick

3 classmates to continue. Picking their own name invalidates their choices.|

Part 4

Do you want to know your scores on the general intelligence test and the social skills
test? We can analyze the data and give you a report that explains your strengths in
these two areas. Also, what do these strengths mean, and how can you leverage them for

your personal and professional development?

If you want to receive your skills report, we need to contact you again. We also want to
be able to invite you to new studies where you can participate for more bonus money.

Please indicate if you agree to be contacted again.

[T can be contacted for new studies and to send me my report. I can be contacted to send

my report, but not for new studies. No, I do not want to be contacted again.]

[if participant gives consent to be contacted again]
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Please enter your contact email:

[student email|
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Chapter 4

When Proximity Isn’t Enough:
Network Segregation and Class Bias in

Referrals
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Abstract

The share of high-socioeconomic status (SES) connections in one’s network is a strong
correlate of labor market income. While universities provide ample opportunities for
cross-SES contact, it remains unclear whether this exposure translates into meaningful
connections. We investigate this question by exploring SES biases in referral selection.
We conduct a lab-in-the-field experiment with 734 Colombian university students who
make incentivized referrals from their enrollment networks. Randomizing participants
between performance-only incentives and performance plus a fixed bonus for referral re-
cipients, we find that referrals go to high-performing peers with whom they take many
courses together, regardless of condition. While low-SES referrers exhibit strong in-group
preferences, middle- and high-SES referrers show no biases toward their own and other
groups. Network segregation, driven by cost-based program selection, limits cross-SES
referral opportunities even without an explicit SES bias. Our results imply that institu-

tional policies promoting cross-SES contact are key for reducing SES-based inequalities.

JEL Classification: C93, J71, D85, Z13

Keywords: inequality, economic mobility, peer networks, class discrimination, homophily

4.1 Introduction

Equally qualified individuals face different labor market outcomes based on their SES
(Stansbury & Rodriguez, 2024). This persistent inequality undermines meritocratic ide-

als and represents a substantial barrier to economic mobility. A key driver of SES-based
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inequality in the labor market stems from differences in social capital.! Economic con-
nectedness, defined as the share of high-SES connections in one’s network, is an important
facet of social capital because it correlates strongly with labor market income (Chetty
et al., 2022a). In this sense, a lack of social capital means lack of access to individuals
with influential (higher paid) jobs and related job opportunities. It implies having worse
outcomes when using one’s network to find jobs conditional on the capacity to leverage

one’s social network.?

Research on economic connectedness has focused on two distinct mechanisms that shape
cross-SES connections: network composition (who you have the chance to meet inside
an institutional environment) versus individual preference (who you choose to connect
with among those available). A prevailing hypothesis is that increasing exposure to high-
SES individuals will lead to higher rates of cross-SES connections in networks (Chetty
et al., 2022b). Universities, in this regard, represent a particularly promising setting
as they attract higher-than-population shares of high-SES students, and create more
opportunities for cross-SES connections. However, whether these cross-SES connection
opportunities turn into meaningful contacts, and the role of SES biases in the process

has not yet been explored.

We address these questions through a referral experiment in a university setting. Focusing
on the role of SES in referral selection, we studied whether individuals tended to refer
same-SES peers. We recruited 734 undergraduate students to make incentivized referrals
among peers they encountered during their coursework. Referrals were made for the
math and critical reading areas of the national university entry exam. To incentivize
performance-based referral selection, participants (referrers) earned payments up to $60
per referral based on their nominee’s percentile ranking at the university. This setup
provided an objective performance benchmark for referrals where SES biases in referral

selection could still play a role.

1See for example Bourdieu (1986); Loury (1977) for pioneering work on the relationship between social

position and human capital acquisition.
2See for example Lin et al. (1981); Mouw (2003) for differential outcomes while using contacts in job

search, and Pedulla and Pager (2019); Smith (2005) specifically for the effects of race conditional on

network use.
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Referrals originated from each participant’s unique course enrollment network that we
constructed using extensive administrative data. The enrollment network covered each
course that the participant had taken with all other undergraduate students at the univer-
sity (more than 4,500 individuals). It allowed us to observe every potential referral can-
didate, and the tie strength between the candidate and the referrer, which we measured
by the number of courses they took together. Referrals from the enrollment networks
enabled us to separate network composition (i.e., chance of meeting during coursework
and frequency of contact) from SES biases in referral selection (i.e., individual choice in
picking a referral). By doing so, we were able to control for naturally varying network
compositions with referral candidates at the individual level, and could identify group-
level SES biases in referral selection that go beyond mere opportunities to interact at the

university.

We randomized participants into two conditions. In the Baseline condition, participants
made referrals with performance-based incentives only, where their earnings depended
on the actual performance of their referrals. In the Bonus condition, participants made
referrals with performance-based incentives and an additional fixed bonus ($25) going
to their referral of choice. The fixed bonus created incentives to refer peers even if they
performed less well, potentially amplifying the relevance of other factors like the SES bias

and tie strength.

We find that referrals consistently go to higher-performing peers with high tie strength,
regardless of conditions and exam areas. Pooling across these, we find that SES bias
in referral selection is primarily driven by low-SES participants exhibiting in-group pref-
erences. In our preferred specification, low-SES referrers are 27% more likely to refer
other low-SES peers and 36% less likely to refer high-SES relative to middle-SES peers.
In contrast, middle- and high-SES referrers show no biases toward their own or other

groups.

With 93% of referrals going to peers within the same academic program with whom
referrers have taken many courses together, we find that network composition rather
than SES biases better explains the observed referral patterns. At the tie strength where
referrals typically occur (median 12 courses together), network segregation becomes stark:

low-SES students comprise 44.5% of low-SES referrers’ networks compared to only 15.7%

141



of high-SES referrers’ networks, despite representing 34% of the university population.
This segregation means that even without bias against low-SES peers, high-SES referrers

rarely encounter low-SES candidates among their close university connections.

Looking for potential mechanisms driving the segregation in enrollment networks, we
identify program selection as key. Program fees at our partner university are fixed on a
cost basis, and less than 5% of undergraduates qualify for scholarships. One consequence
of these policies is that SES groups end up sorting into programs on the basis of their
costs, where some programs cost up to six times more on a yearly basis. To sum, even
though low-SES are exposed to higher-than-population shares of high-SES students, and
high-SES are not biased toward other SES groups, meaningful interaction opportunities

at the university are genuinely limited.

Our findings should be interpreted with some scope conditions. First, our referrals have
no direct job consequences, and participants refer under anonymity. These may repre-
sent a lower stake environment for referrers. Nevertheless, we replicate typical findings
from earlier referral experiments where performance-based incentives brings in qualified

candidates from referrer networks (e.g., Beaman and Magruder (2012); Witte (2021)).

Second, enrollment networks capture classroom-based interactions and their intensity
rather than broader networks of close friendships. Unlike self-reported friendship net-
works that must limit the number of connections surveyed (Griffith, 2022), administrative
data captures all classroom interactions without artificial size constraints. Combining en-
rollment networks with additional network data (e.g., from social media) could be useful
for better identifying interactions at the university. Still, we find that tie strength pre-
dicts referral selection well beyond same program affiliation, suggesting it does capture

meaningful variation in social interactions.

Finally, our setting examines SES bias within a single institution where cross-SES con-
tact is possible, and the networks of different SES groups are separated due to program
selection. The generalizability to contexts with different institutional structures remains

an open question for future research.

We contribute to several strands of literature. First, a burgeoning literature studies the
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effects of SES on labor market outcomes (Friedman & Laurison, 2019; Laurison & Fried-
man, 2024; Stansbury & Rodriguez, 2024), with mechanisms including cultural matching
and SES-based discrimination in the hiring processes (Galos, 2024; Nufiez & Gutiérrez,
2004; Rivera, 2012; Rivera & Tilesik, 2016). We extend this literature by examining the
role of referral networks as a specific mechanism through which SES could affect economic

opportunities.

A subset of the literature focuses on SES-based differences in social capital and network
formation (Chetty et al., 2022a; Engzell & Wilmers, 2025; Michelman et al., 2022), with
tie strength (Gee et al., 2017; Kramarz & Skans, 2014; Sterling, 2014; Wang, 2013) and
homophily (Bolte et al., 2024; Currarini et al., 2009; Jackson, 2022; McPherson et al.,
2001; Montgomery, 1991) driving differences across groups. Based on the pioneering work
of Currarini et al. (2010), we contribute by identifying two different types of homophily,
and separate whether differential referral outcomes stem from network composition (who
you know) versus taste-based biases (who you choose to interact with). Our findings
suggest that structural factors impacting network composition, rather than taste-based
SES biases, drive the differences in referral outcomes. Under this light, implementing
mixed-program courses to increase across-SES tie strength should be a clear policy goal

in order to reduce SES-based network segregation.

Third, we contribute to the literature on job referral experiments. This literature pro-
vides causal evidence on why referrals in the labor market are prevalent,® finding that
performance-based incentives bring in qualified candidates otherwise not identified by
demographic characteristics (Beaman & Magruder, 2012; Friebel et al., 2023; Pallais &
Sands, 2016; Witte, 2021), and the consequences of relying upon referral hiring, which
come at the cost of disadvantaging certain groups (Beaman et al., 2018; Hederos et al.,
2025). We extend this literature by causally evaluating the effects of a sizeable monetary

bonus for referral candidates and exploring SES biases in referral selection.

The remainder of the paper is organized as follows. Section 4.2 begins with the back-

ground and setting in Colombia. Section 4.3 presents the empirical strategy and Section

3Referrals solve frictions in the search and matching process and benefit both job-seekers and em-
ployers (Topa, 2019). Referral candidates tend to get hired more often, have lower turnover, and earn

higher wages (Brown et al., 2016; Dustmann et al., 2016; Obukhova & Lan, 2013).
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4.4 presents the design of the experiment. In Section 4.5 we describe the experimental
sample, incentives and the procedure. Section 4.6 discusses the results of the experiment
and Section 4.7 discusses potential mechanisms and robustness checks. Section 4.8 con-
cludes. The Appendix presents additional tables and figures as well as the experiment

instructions.

4.2 Background and Setting

4.2.1 Inequality and SES in Colombia

Our experiment took place in Colombia, a country that consistently ranks highly in terms
of economic inequality. The richest decile of Colombians earn 50 times more than the
poorest decile (United Nations, 2023; World Bank, 2024). This economic disparity creates
profound differences in outcomes across SES groups in terms of education, geographic
residence, language, manners, and social networks (Angulo et al., 2012; Garcia et al.,

2015; Garcia Villegas & Cobo, 2021).

In higher education, economic inequality manifests itself by preventing meaningful in-
teraction between SES groups. Wealthy families attend exclusive private schools while
poorer families access lower-quality public or “non-elite” private institutions (see Figure
4.1). While similar patterns also exist elsewhere, differences in educational outcomes

across SES groups are particularly visible in Colombia.

We rely on Colombia’s established estrato classification system to measure SES in our
study. In 1994, Colombia introduced a nationwide system that divides the population into
six strata based on “similar social and economic characteristics” (Hudson & Library of
Congress, 2010, p. 102). Designed for utility subsidies from higher strata to support lower
strata, the system aligns with and reinforces existing social class divisions (Guevara S
& Shields, 2019; Uribe-Mallarino, 2008). It is also widely used by policymakers and in
official statistics (Fergusson & Florez, 2021a). Using the estrato system, we categorize

students in strata 1-2 as low-SES, strata 3-4 as middle-SES, and strata 5-6 as high-SES.
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Figure 4.1: Income, performance, and university choice in Colombia

School quality and family income
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Note: This figure shows the average score national university entry exam by monthly family income
and type of higher education institution. With average student scores in the 65-70 band, the private
university where we conducted this study caters to both low- and high-income students. Figure

reproduced from Fergusson and Florez (2021b).

4.2.2 Partner institution and the enrollment network

Our study takes place in a non-elite private university which attracts students across the
socioeconomic spectrum: the university’s undergraduate student body comprises 34%
low-SES, 51% middle-SES, and 15% high-SES students.* This diversity provides op-
portunities for different SES groups to meet and interact within the same institutional

framework.

The contact at the university is on equal status. All undergraduate students pay the
same fees based on their program choices, and less than 5% of undergraduate students
receive scholarships. The student body is mostly urban (> 70%), not part of an ethnic
minority (> 95%), and has similar university entry exam scores (see Appendix Figures
A.la and A.1b). These make our setting appropriate to study the effects of contact on

intergroup discrimination.

4Government statistics reveal less than 5% of the population is high-SES (Hudson & Library of
Congress, 2010, p. 103).
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Undergraduate students at the university choose among 32 different academic programs.
Students take between 5 and 7 courses per semester, and programs last between 4 and
12 semesters (2 to 6 years). The majority (64%) of students are enrolled in the 10
programs described in Appendix Figure A.2. While medicine, the largest program by
size at the university lasts for 12 semesters, specialized programs for immediate entry
into the workforce last only 4 semesters. Academic program choice thus shapes students’
connections at the university, influencing both who they encounter in classes and the

frequency of these interactions.

To map these social connections, we construct enrollment networks using administrative
data. For each participant, we identify all other undergraduate students with whom
they have taken at least one course and create their individual network of university
connections. The size of this network depends on how many students a participant has
encountered through coursework, while the tie strength is measured by the number of
courses taken together. This approach provides a complete picture of each participant’s
social environment at the university, and includes detailed characteristics (i.e., SES, aca-

demic program, performance) for both the participant and every person in their network.

4.3 Empirical Strategy

We use a conditional logit model to study SES biases in referral selection. Our depen-
dent variable follows a multinomial distribution where referrer ¢ selects one candidate
7 from their enrollment network for two exam areas. For each referrer, we observe all
potential candidates, i.e, students they took at least one course with, along with their

characteristics. The conditional logit model with individual fixed effects takes the form:

Yij = a; + B1SES;; + BXi5 + €5 (4.1)

where Y;; = 1 if referrer ¢ chooses referral candidate j, and 0 otherwise. We set middle-
SES as the base category, so [3; is the log-odds estimate for referring low- and high-SES

candidates relative to middle-SES. X;; includes the remaining characteristics of referral
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candidates in the enrollment network that improve model fit such as entry exam scores
and the number of courses taken together with the referrer. These continuous variables
are standardized using means and standard deviations calculated by first computing
network-level statistics for each referrer, then averaging across all 734 networks.® The
individual fixed effects «; control for referrer-specific factors that might influence both
network formation and referral decisions. Because we observe two referrals (one per exam
area) from each referrer, we cluster standard errors at the referrer level and account for

the potential correlation in the error terms.

The key advantage of this approach is that by conditioning on each referrer’s enrollment
network, we eliminate selection bias from program choice and other factors that determine
who appears in each person’s choice set. The identifying variation comes from within-
network differences in referral decisions, holding constant the pool of available candidates.
We estimate separate models for each referrer SES group to estimate aggregate SES biases

across socioeconomic groups.

For identification, we require two assumptions. First, conditional exogeneity. SES and the
number of courses taken together could be endogenous due to program selection. High-
SES students may sort into expensive programs while low-SES students choose affordable
programs, creating SES variation across enrollment networks. Similarly, the number
of courses taken together reflects program selection decisions that may correlate with
unobserved referral preferences. However, conditional on the realized enrollment network,
the remaining variation in both SES and the number of courses taken together across
referral candidates must be independent of unobserved factors affecting referral decisions.
As a robustness check, we show that being in the same program with the referrer does
not impact our SES bias estimates, although it reduces the coefficient estimate for the

number of courses taken together.

Second, the independence of irrelevant alternatives. This assumption could be violated

if peers within the same SES group are viewed as close substitutes, where adding similar

5Each referral candidate’s entry exam score and the number of courses they have taken with the
referrer is standardized using these sample-level statistics. The standardization formula is z; = (x; —
X)/o, where X and o are the average mean and standard deviation across participant networks for the

measure.

147



alternatives distorts choice probabilities. While this concern may have some validity
in our setting,® alternative discrete choice models that relax ITA are computationally
prohibitive given our large dataset.” We therefore proceed with the conditional logit

framework while acknowledging its limitations.

4.4 Design

We designed an experiment to assess SES biases in referral selection and evaluate the
causal effect of providing bonuses to referral candidates. The 30-minute experiment con-
sisted of three sequential tasks: initial belief elicitation about participants’ own perfor-
mance on the national university entry exam, referral tasks where they nominated peers
for two exam areas (math and critical reading), and another belief elicitation about their
nominees’ performance. This structure allowed us to collected incentivized measures for
the accuracy of participants’ performance beliefs and their referral decisions. Figure 4.2

shows the experiment overview, and detailed instructions are provided in Appendix A.2.

Figure 4.2: Experiment Overview

Part 1 Part 2 Part 3 part 4
Belief Elicitation Referral Task Belief Elicitation .
’ Demographics
(Own performance) (Peer recommendation) (Peer performance)

Note: Participants first reported beliefs about their university entry exam performance in two areas,

then made referrals for those, and finally reported beliefs about their referrals’ performance and

provided demographics.

6 Among participants making referrals to two different individuals, half refer to someone else from the

same SES, suggesting potential substitutability within SES groups.
"Models such as nested logit become computationally intractable with over 250,000 observations across

734 individuals.
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4.4.1 Performance measures

To establish an objective basis for referral performance, we use national university entry
exam scores (SABER 11). All Colombian high school students take the SABER 11 exam
at the end of their final year as a requirement for university admission. The scores from

this exam provide pre-existing, comparable measures of performance.

The exam consists of five areas (critical reading, mathematics, natural sciences, social
sciences, and English). We focus on critical reading and mathematics as these represent
independent and overarching skills. Critical reading evaluates competencies necessary to
understand, interpret, and evaluate texts found in everyday life and broad academic fields
(e.g., history). Mathematics assesses students’ competency in using high school level
mathematical tools (e.g., reasoning in proportions, financial literacy). These together
capture performance in comprehending and critically evaluating written material as well

as reasoning and problem-solving abilities.

For each area, we calculate percentile rankings based on the distribution of scores among
all currently enrolled students, providing a standardized measure of relative performance

within the university population.

4.4.2 Referral task

The main task involves making referrals among peers. For both exam areas (critical
reading and mathematics), participants refer one peer they believe excels in that area.
We provide an example question from the relevant exam area to clarify the skills that
are being assessed. Participants type the name of their preferred candidate to make
a referral. To avoid issues with recall, the interface provides autocomplete name and

program suggestions from the administrative database (see Figure 4.3).
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Figure 4.3: Referral task interface

Your recommendation

We are interested in your recommendation of the person you consider
best to solve similar problems to those in the Math test.

* Only someone with whom you have taken at least one class...

* s .
We will not contact your recommendation...

Please write the name of your recommendation:

John
John Lennon (Music - 2018) )54
John Stuart Mill (Law - 2020)

Note: This illustration shows how the system provides suggestions from enrolled students with their

program and year of study from the administrative database.

Participants are required to only refer students with whom they have taken at least one
class during their university studies. Referrals to students without any classes taken
together are possible, but not valid. This condition ensures that referrals are based on
actual peer interactions. We randomize the order in which participants make referrals

across the two exam areas.

We incentivize referrals using a piece rate payment structure. Referrers earn increasing
payments as the percentile ranking of their referral increases (see Figure 4.4). We multiply
the piece rate coefficient associated with the percentile rank by the actual exam scores of
the referral to calculate earnings. This payment structure provides strong incentives to

refer highly ranked peers with potential earnings going up to $60 per referral. &

8Note that due to the selection into the university, the actual exam score distribution has limited
variance. Below a certain threshold students cannot qualify for the institution and choose a lower ranked

university, and above a certain threshold they have better options to choose from.
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Figure 4.4: Referral incentives

Piece-rate by referral score
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Note: This figure shows how the piece rate coefficient increases as a function of the referral ranking

in the university, providing incrementally higher rewards for higher ranked peers.

4.4.3 Bonus Treatment

To examine how different incentive structures affect referral selection, we randomly as-
sign a fixed bonus payment for students who get a referral (receiver). In the Baseline
treatment, only the participants, i.e., those who make referrals (sender), can earn money
based on their referral’s performance. The Bonus treatment adds a fixed payment of $25
uniquely to the peer who gets the referral. This payment is independent of the referral’s

actual performance (see Table 4.1).

Table 4.1: Incentive structure by treatment

Baseline Bonus
Referrer (sender) Performance-based Performance-based
Referral (receiver) No payment Fixed reward

We use a between-subjects design and randomly assign half our participants to the Bonus
treatment. This allows us to causally identify the effect of the bonus on referral selec-
tion. Participants learn whether their referral gets the fixed bonus before making referral

decisions.
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4.4.4 Belief elicitation

We collect two sets of beliefs to assess the accuracy of participants’ knowledge about
exam performance. Participants first report beliefs about their own percentile ranking in
the university for math and critical reading areas. After making referrals, participants
report their beliefs about their referrals’ percentile ranking in the university. For both
belief elicitation tasks, participants earn $5 per correct belief if their guess is within 7
percentiles of the true value. This margin of error is designed to balance precision with

the difficulty of the task.

4.5 Sample, Incentives, and Procedure

We invited all 4,417 undergraduate students who had completed their first semester at
the university at the time of recruitment to participate in our experiment. A total of
837 students participated in the data collection (19% response rate). Our final sample
consists of 734 individuals who referred peers with whom they had taken at least one

class together, excluding 12% of participants who made two non-valid referrals.

Table 4.2 presents key demographic characteristics and academic performance indicators
across treatments (see Appendix Table A.1 for selection). The sample is well-balanced
between the Baseline and Bonus conditions, and we observe no statistically significant
differences in any of the reported variables (all p values > 0.1). Our sample is charac-
terized by a majority of middle-SES students with about one-tenth of the sample being
high-SES students. The test scores and grade distributions are balanced. On average,
participants had taken 3.8 courses together with members of their network, and the av-

erage network consisted of 175 peers.

152



Table 4.2: Balance between treatments

Baseline Bonus p
Reading score 64.712 65.693 0.134
Math score 67.366 67.597 0.780
GPA 4.003 4.021 0.445
Connections 173.40 176.88 0.574
Courses taken 3.939 3.719 0.443
Low-SES 0.419 0.401 0.615
Middle-SES 0.492 0.506 0.714
High-SES 0.089 0.094 0.824
Observations 382 352 734

Note: This table presents balance tests between Baseline and Bonus conditions. p-values for binary
outcomes are from two-sample tests of proportions; for continuous variables, from two-sample t-tests
with unequal variances. All reported p-values are two-tailed. Reading and math scores are in original
scale units out of 100. GPA is grade point average out of 5. Connections refer to the average number of

network members. Low-SES, Med-SES, and High-SES indicate SES categories based on strata.

The experiment was conducted online through Qualtrics, and we recruited participants
by sending invitations to their student emails. To ensure data quality while managing
costs, we randomly selected one in ten participants for payment. Selected participants
received a fixed payment of $17 for completion. They also received potential earnings
from one randomly selected belief question (up to $5) and one randomly selected referral
question (up to $60). This structure resulted in maximum total earnings of $82. The
average time to complete the survey was 30 minutes, with an average compensation of $80
for one in ten participants randomly selected for payment. Payment processing occurred

through bank transfer within 15 business days of participation.
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4.6 Results

4.6.1 Network characteristics

We begin by describing the key features of the enrollment networks. On average, par-
ticipants connect with 175 other students, and take an average of 3.8 courses together.
Figure 4.5 shows how network characteristics vary by students’ time at the university:
both the number of connections (network size) and the number of courses taken together

(tie strength) change as participants progress through their studies.

Figure 4.5: Network size and courses taken together by time spent at

the university
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Note: This figure displays the average number of connections in gray and the average number of
courses taken together with connections in blue across semesters completed. Network size (nb. of
connections) peaks around 7 semesters before declining as students graduate. Tie strength (nb. of

courses taken) has an increasing trend.

We now examine how tie strength relates to network size and composition. First, if two
students take more courses together, it is very likely that they are in the same academic
program. We plot this relationship in Figure 4.6a: As students take more than 5 courses
together, the share of students in their enrollment network from the same academic
program quickly exceeds 90%. Second, because students sort into specialized academic

programs, increases in courses taken together should result in decreases in connections.
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We plot this relationship in Figure 4.6b: As students take more than 5 courses together,
the size of their enrollment network drops dramatically from above 210 to below 50.
These patterns reveal that while participants’ overall networks are large with relatively
few courses taken together on average, they are more frequently in contact within a much

smaller group of peers from the same academic program.

Figure 4.6: Network characteristics and courses taken together
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(a) Same-program share (b) Network size

Note: Panel (a) illustrates the share of connections within the same program as
a function of the number of courses taken together. Panel (b) shows the average
network size as a function of the number of courses taken together. Taking more
than 5 courses together with a network member means on average 90% chance to
be in the same program. Similarly, past 5 courses together, the average network

size dwindles by 80%, from more than 210 individuals to below 50.

4.6.2 Referral characteristics

Participants made one referral for math and one referral for the reading part of the
university entry exam from their enrollment networks. We collected 1,342 valid referrals
from 734 participants in our final dataset. More than 90% of these consist of participants
referring for both exam areas (see Appendix Table A.2). About 70% of these referrals
go to two separate individuals. We compare the outcomes across exam areas for referrals
only going to separate individuals in Appendix Table A.3 and all referrals in Appendix

Table A.4. In both cases, we find no meaningful differences between referrals made for
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math or critical reading areas of the entry exam. As referrals in both exam areas come
from the same enrollment network, we group referrals per participant and report average

outcomes.

What are the characteristics of the individuals who receive referrals, and how do they
compare to others in the enrollment network? Because we have an entire pool of potential
candidates with one referral chosen from it, we compare the distributions for our variables

of interest between the referred and non-referred students.

First, referrals go to peers with whom the referrer has taken around 14 courses with
on average, compared to almost 4 on average with others in their network (see Figure
4.7). This difference of 10 courses is significant (¢ = 34.98, p < 0.001), indicating that
referrers choose individuals with whom they have higher tie strength. While the median
referral recipient has taken 12 courses together with the referrer, the median network
member has shared only 2.8 courses. The interquartile range for referrals spans from 7.5
to 19.5 courses, compared to just 2.1 to 4.0 courses for the broader network, highlighting
the concentration of referrals among peers with higher tie strength. In addition, 93% of

referrals go to students in the same program as the referrer.
Figure 4.7: Courses taken together with network members and referrals
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Note: This figure compares the distributions of the number of courses taken together between refer-
rers and their network members (orange) versus referrers and their chosen referral recipients (dark
blue) for all 734 participants. 75% of referral recipients take more than 7.5 courses together with

the referrer, compared to only 25% of network members. The distributions are significantly different

(Kolmogorov-Smirnov test D = 33.37, p < 0.001).

156



Second, we examine entry exam score differences between referred students and the
broader network. Referrals go to peers with an average score of 69.5 points, compared
to 64.5 points for other network members (see Figure 4.8). This difference of 5 points
is significant (¢ = 18.97, p < 0.001), indicating that referrers choose higher-performing
peers. While the median referral recipient scores 71 points, the median network member
scores 65.1 points. The interquartile range for referrals spans from 65.5 to 75 points,
compared to 63.5 to 66.9 points for the broader network, highlighting the concentration
of referrals among higher performing peers. Participant beliefs regarding their referral’s
and own performance rank at the university also support these findings (see Appendix

Figures A.3a and A.3b).

Figure 4.8: Entry exam scores of network members and referrals
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Note: This figure compares the distributions of entry exam scores (math and critical reading av-
erage) between referrers’ network members (orange) versus their chosen referral recipients (dark
blue) for all 734 participants. 75% of referral recipients score above 65.5 points compared to only
25% of network members scoring above 66.9 points. The distributions are significantly different

(Kolmogorov-Smirnov test D = 71.16, p < 0.001).

4.6.3 Effect of the Bonus treatment

Do referrals across treatments have different outcomes? We compare the performance
and the number of courses taken together with the referrer between the Baseline and

Bonus treatments in Table 4.3. Contrary to our expectations, we find that the number
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of courses taken together with referrer, as well as performance measures across critical
reading and math (including grades) are similar across treatments. Taken together, the
results on academic performance and tie strength suggest these two factors drive referrals
regardless of treatment. For this reason, in the remainder of the paper, we report pooled

results combining the averages of referral outcomes across treatments.

Table 4.3: Characteristics of referrals by treatment

Baseline Referred Bonus Referred p
Reading score 67.806 67.210 0.308
Math score 70.784 70.155 0.406
GPA 4.155 4.149 0.799
Courses taken 13.840 14.065 0.723
Observations 382 352

Note: This table compares the characteristics of network members who were referred under baseline vs.
bonus treatments. p-values for binary outcomes are from two-sample tests of proportions; for continuous
variables, from two-sample ¢-tests with unequal variances. All reported p-values are two-tailed. Reading
and math scores are raw test scores out of 100. GPA is grade point average out of 5. Courses taken is
the number of courses participant has taken with their referral. Both columns only include the average

outcomes of network members who were referred in each treatment.

4.6.4 Referral SES composition

To motivate the SES biases in referral selection, we now examine the overall SES com-
position of referrals compared to the average network availability. Descriptively, referral
patterns largely mirror underlying network structure.® Referrals to low-SES peers consti-

tute 37.9% of all referrals compared to 33.7% network share, middle-SES referrals account

9Because we calculate the share of SES groups in every individual network, we get very precise esti-
mates of the actual means. However, it is important to note that these are not independent observations.
Each enrollment network is a draw with replacement from the same pool of university population, from
which we calculate the proportion of SES groups per individual network, and take the average over
an SES group. Pooling over SES groups who are connected with similar others systematically reduces
variance (similar to resampling in bootstrapping). For this reason we choose not reporting test results

in certain sections including this one and focus on describing the relationships between SES groups.
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for 51.0% versus 51.4%, and high-SES referrals represent 11.1% compared to 14.9% (see
Figure 4.9). The largest deviation is less than 5 percentage points for any SES group.

Figure 4.9: Referral patterns compared to network composition
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Note: This figure compares the average SES composition of referrers’ networks (dark gray) to the

SES composition of referrals (light gray). Error bars represent 95% confidence intervals.

Examining patterns by referrer SES reveals larger deviations. Low-SES referrers have the
largest same-SES deviation, referring 12.9 percentage points more to low-SES students
than their network composition suggests, while high-SES referrers under-refer to low-SES
students by 10.9 percentage points (see Figure 4.10). These descriptive findings suggest
that referral selection in SES terms diverges most from underlying network structure

when SES groups are further apart, and motivate our formal analysis.
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Figure 4.10: Referral patterns by referrer SES compared to network

composition
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Note: This figure compares the average SES composition of referrers’ networks (dark gray) to the
SES composition of referrals (light gray) for low-, middle- and high-SES referrers (left to right).

Error bars represent 95% confidence intervals.

4.6.5 Identifying the SES bias in referrals

We now describe our findings using the regression specification (see Equation 4.1) in Table
4.4. We first run three separate regressions, one for each referrer SES group, with a single
regressor which is the referral candidate’s SES. Controlling for network composition, we
find that low-SES participants are more likely to refer other low-SES, and are less likely
to refer high-SES relative to the probability of referring middle-SES peers. In contrast,
we find that high-SES participants are less likely to refer other low-SES, relative to the
probability of referring middle-SES peers.
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Table 4.4: SES bias in referral decisions by referrer SES group

Referrer SES

Low Middle High
(1) (2) (3)
Low-SES referral 0.453%** -0.019 -0.710%*
(0.109) (0.098) (0.333)
High-SES referral -0.584*** -0.255%* 0.001
(0.211) (0.145) (0.261)
2 33.47 3.18 4.94
Observations 110,142 127,088 19,767
Individuals 301 366 67

Note: Individual-level clustered standard errors in parentheses. * p < 0.1, ** p < 0.05,
*** p < 0.01. Each column represents a separate conditional logit regression estimated on
the subsample of referrers from the indicated SES group. Coefficients represent log-odds
of referring from the specified SES group relative to referring middle-SES candidates. All
models include individual fixed effects that control for each referrer’s choice set compo-

sition.

Next, we include a control for tie strength. We proceed by adding the standardized
number of courses taken together as a control in our specification and describe the results
in Table 4.5. A one standard deviation increase in the number of courses taken together
proves to be highly significant across all models, with coefficients ranging from 0.856 to
1.049, indicating that tie strength substantially increases the probability of referral. The
high x? statistics suggest that the model with this regressor provides a better fit than
previous models. We find that low-SES participants still show a strong same-SES bias
relative to referring middle-SES peers at the average number of courses taken together.
This same-SES bias is not observed among middle-SES or high-SES referrers, who also
display no statistically significant bias toward low-SES candidates. No referrer group

shows a positive bias for high-SES candidates relative to middle-SES candidates.
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Table 4.5: SES bias in referral decisions by referrer SES group

Referrer SES

Low Middle High
(1) (2) (3)
Low-SES referral 0.348%** -0.064 -0.489
(0.123) (0.115) (0.337)
High-SES referral -0.366 -0.165 -0.140
(0.223) (0.157) (0.286)
Courses taken (z-score) 0.856%+* 0.9317%** 1.049%**
(0.035) (0.037) (0.126)
X 626.15 636.10 71.43
Observations 110,142 127,088 19,767
Individuals 301 366 67

Note: Individual-level clustered standard errors in parentheses. * p < 0.1, ** p < 0.05,
*** p < 0.01. Each column represents a separate conditional logit regression estimated on
the subsample of referrers from the indicated SES group. Coefficients represent log-odds
of referring from the specified SES group relative to referring middle-SES candidates. All
models include individual fixed effects that control for each referrer’s choice set compo-

sition.

We then add standardized entry exam scores as a second control variable and describe
our results in Table 4.6. A one standard deviation increase in the entry exam score (math
and critical reading average) proves highly significant across all models, with coefficients
ranging from 0.587 to 0.883. This shows merit-based considerations due to the incentive
structure of the experiment remained central to referral decisions. The slightly higher x?
statistics compared to the earlier specification suggests that entry exam scores improve
model fit. The inclusion of standardized entry exam scores strengthens SES biases: Low-
SES referrers maintain their same-SES bias, with now a significant negative bias against
high-SES. Middle-SES referrers, previously showing no SES bias, now show marginal
negative bias against high-SES. Finally, high-SES referrers exhibit marginal negative

bias against low-SES candidates.
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The evidence of a bias becoming significant when controlling for entry exam scores has
a nuanced interpretation. While at the university-level, low-SES typically score lower in
the entry exam, low-SES students appearing in high-SES networks are positively selected,
scoring about 0.14 standard deviations higher than middle-SES students (see Appendix
Table A.5). Controlling for performance thus removes this positive selection and reveals
the SES bias that was previously underestimated by above average performance of low-
SES. Vice versa, high-SES in low-SES networks perform 0.12 standard deviations better
than middle-SES students. The bias was underestimated as high-SES candidates’ better
performance relative to middle-SES increased referrals. Controlling for exam scores reveal
that both high- and low-SES referrers have negative SES bias toward one another that
operates independently of — and counter to — performance-based considerations. What
makes a symmetric bias interpretation difficult is that while biased against low-SES,
high-SES referrers do not (under any specification) display a positive bias toward their

in-group.

We conclude that the SES bias in referral selection is primarily driven by low-SES re-
ferrers who exhibit strong in-group preferences. Middle- and high-SES referrers show no
systematic discrimination against other SES groups once we account for network com-
position and other relevant factors contributing to the referral decision. We will next

explore potential mechanisms that help explain the unexpected direction of the SES bias.
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Table 4.6: SES bias in referral decisions by referrer SES group with academic

performance controls

Referrer SES

Low Middle High
(1) (2) (3)
Low-SES referral 0.242%* -0.159 -0.600*
(0.123) (0.114) (0.327)
High-SES referral -0.445%* -0.274* -0.345
(0.222) (0.157) (0.287)
Courses taken (z-score) 0.859%+% 0.948%+%* 1.043%**
(0.036) (0.038) (0.118)
Entry exam (referral z-score) 0.607*** 05874 0.883%**
(0.052) (0.047) (0.111)
X 789.87 756.06 120.54
Observations 110,142 127,088 19,767
Individuals 301 366 67

Note: Individual-level clustered standard errors in parentheses. * p < 0.1, ** p < 0.05,

*** p < 0.01. Each column represents a separate conditional logit regression estimated on

the subsample of referrers from the indicated SES group. Coefficients represent log-odds

of referring candidates from the specified SES group relative to referring middle-SES

candidates. All models include individual fixed effects that control for each referrer’s

choice set composition.

4.7 Potential Mechanisms and Robustness Checks

4.7.1 SES diversity in networks
How do enrollment networks differ across SES groups? We look at how the number of

connections (network size) and number of courses taken together (tie strength) change

across SES groups in Figure 4.11. Both low- and middle-SES students have significantly
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larger networks than high-SES students (¢ = 3.03, p = 0.003 and ¢t = 2.49, p = 0.013,
respectively), while high-SES students take significantly more courses with their network

members than both low- (¢t = —3.70,p < .001) and middle-SES (¢ = —4.20, p < .001).
Figure 4.11: Network size and courses taken together by SES
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Note: This figure displays the average number of connections and the average number
of classes taken together across SES groups. The data shows a decrease in the number
of connections with SES, and an associated increase in the number of classes taken

together.

What are the diversity consequences of SES-driven differences across networks? In terms
of network compositions, participants could connect with other SES groups at different
rates than would occur randomly depending on their own SES. Figure 4.12a and Fig-
ure 4.12b illustrate the average network shares conditional on referrer SES respectively
for low- and high-SES.'® We observe modest deviations from university-wide SES shares
in enrollment networks: Low-SES referrers have on average 38.4% low-SES peers com-
pared to the university average of 34.3%, while high-SES referrers have 20.4% high-SES

connections compared to the university average of 15.3%.

We find larger differences when studying connections between SES groups: Low-SES
referrers connect with other low-SES at much higher rates than high-SES referrers (38.4%
vs. 25.1%). Conversely, high-SES referrers connect more with other high-SES than low-

10For sake of brevity we omit middle-SES from this exposition. For the complete relationship, see

Appendix Figure A 4.
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SES referrers (20.4% vs. 12.6%). Middle-SES referrers are in between the two extreme
patterns, connecting with middle-SES at higher rates than low-SES referrers (52.9% vs.
49.0%) but lower rates than high-SES referrers (52.9% vs. 54.5%). These findings indicate

SES-based segregation in networks, with same-SES homophily across groups.

Figure 4.12: Network shares of SES groups
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Note: Figures illustrate the average network shares of low- and high- SES peers
conditional on referrer SES. Horizontal lines plot the university-wide shares of SES
groups (low-SES: 34%, high-SES: 15%). While the share of low-SES peers in the
network decreases as referrer SES increases, the share of high-SES peers in the

network increases. Error bars represent 95% confidence intervals.

While same-SES students are connected more often with each other, so far we only
consider the average the number of courses taken together with network members. What
are the diversity implications of increased tie strength between students? As students
take more courses together with peers, the share of same-SES peers in the networks of low-
and high-SES increases while the share of middle-SES declines (see Figure 4.13). Both
increases are substantial, amounting to 50% for high-, and 30% for low-SES beyond 15
courses together. While it is known that students who take courses together have similar
characteristics (Kossinets & Watts, 2009), it is important to understand how increasing

similarities in SES reflects on referral choice sets.
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Figure 4.13: Network size and tie strength
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Note: This figure illustrates the shares of same-SES connections for low-, middle-,
and high-SES as a function of the average number of courses taken together with
network members. Low- and high-SES networks both become more homogenous as

the average number of courses taken together with their connections increase.

4.7.2 SES diversity in referral choice sets

How did the referrer choice sets look like in practice? We now combine our findings about
network segregation with referral selection. In Section 4.6.2, we found that referrals went
to peers with whom the median participant took 12 courses (average 14). By restricting
the networks for courses taken above the median, we get an ex post snapshot of referrer

choice sets.

We show the average network shares conditional on referrer SES and above median num-
ber of courses taken together for low-SES in Figure 4.14a and for high-SES in Figure
4.14b."" Network compositions above the median number of courses taken reveal strong
segregation effects in referral choice sets: Low-SES networks contain 44.5% low-SES peers,
higher than the 34% university-wide share by 9.5 percentage points. Conversely, high-
SES students are under-represented in low-SES networks at only 8.6% average share,
compared to the 14% university share (—5.4 pp.). At the other extreme, high-SES net-
works show the reverse pattern with average low-SES share dropping to 15.7%, a 19.3

"In Appendix Figure A.5 we present the complete relationship including middle-SES.
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percentage point decrease relative to the university average. High-SES students have a
same-SES concentration at 26.5% (412.5 pp.). Middle-SES networks remain relatively

balanced and closely track university proportions.

Put differently, in an environment where 1 out of 3 students are low-SES, the chance that
a low-SES peer is considered for a referral by high-SES is already less than 1/6. This stark
disparity reveals that low-SES and high-SES students practically have separate networks
within the same university, despite the opportunities to meet as equal-status students.
The network segregation makes cross-SES referrals structurally unlikely even without any
taste-based SES biases. We now explore program selection that emerges as a key driver

of this segregation.

Figure 4.14: Network shares of SES groups above median tie strength
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Note: Figures illustrate the average network shares of low- and high- SES peers
conditional on referrer SES above the median number of courses taken together.
Horizontal lines plot the university-wide shares of SES groups (low-SES: 34%, high-
SES: 15%). While the share of low-SES peers in the network decreases as referrer
SES increases, the share of high-SES peers in the network increases. Error bars

represent 95% confidence intervals.
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4.7.3 Program selection as a mechanism

Academic programs at this university have cost-based pricing, and typically less than
5% of students receive any kind of scholarship. Based on this, we first calculate how
much every undergraduate program at the university is expected to cost students per
year (see Figure 4.15). Considering that net minimum monthly wage stands at $200 and
the average Colombian salary around $350, the cost differences between programs are
large enough to make an impact on program selection. Is it the case that SES groups

select into programs with financial considerations?

Figure 4.15: Undergraduate programs sorted by fee
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Note: This figure illustrates the distribution of programs at the university by their
average yearly fee. The average yearly fee stands at $3000, and medicine is an outlier

at $6000.

To answer, we examine how SES groups are distributed across programs to identify evi-
dence of SES-based selection (see Figure 4.16). Indeed, low-SES students select into more
affordable programs, followed by middle-SES students. High-SES students sort almost
exclusively into above-average costing programs, with a third selecting into medicine and
creating a very skewed distribution. The distributions are significantly different across
all pairwise comparisons: low-SES vs. middle-SES (Kolmogorov-Smirnov test D = 33.89,
p < 0.001), low-SES vs. high-SES (D = 31.31, p < 0.001), and middle-SES vs. high-SES
(D = 31.31, p < 0.001). These findings support the idea that program selection could be

the reason why low- and high-SES networks tend to segregate as the number of courses
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taken increases. Financial constraints channel students into different academic programs,

which in turn determine their classroom interactions and university social networks.
Figure 4.16: SES distribution by program fee
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Note: This figure illustrates the distribution of each SES group across programs
sorted by fee. The majority of low-SES select into programs with below average cost,
while high-SES select into programs with above average cost. Medicine accounts for

a third of all high-SES students at this university.

4.7.4 Robustness check: Tie strength and sharing academic pro-

grams

Does the number of courses taken together have an independent effect that goes be-
yond identifying peers in the same academic program? To evaluate this question we
leverage our administrative data, and identify peers within the same program: In each
individual network we observe the participant-specific academic program for the referrer
and alternative-specific academic program for each referral candidate. We add this new
variable in our specification and describe our findings in Table 4.7. Being in the same
academic program has a substantial positive effect on referral likelihood, with coefficients
ranging from 1.257 to 2.198 across all referrer SES groups. This confirms that program
affiliation serves as a strong predictor of referral decisions. Our comparison of interest is
the point estimate for the standardized number of courses taken. Across all three referrer

SES groups, the standardized number of courses taken together maintains its statistical
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significance after controlling for same program membership. The coefficient magnitudes
are expectedly smaller compared to specifications without program controls (ranging from
0.688 to 0.930) as the newly added variable is a moderator: Matching academic programs
leads to taking more courses together. The remaining estimates in our model are robust
to the inclusion of the same-program variable with little change in point estimates. The
persistence of statistical significance (all p < 0.001) suggests that the number of courses
taken together has an independent effect on referral decisions. To sum, our measure of
tie strength seems to capture meaningful social interaction patterns that lead to referrals,

and go beyond simply identifying matching academic programs.
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Table 4.7: SES bias in referral decisions by referrer SES group with program

controls

Referrer SES

Low Middle High
(1) (2) (3)
Low-SES referral 0.236** -0.140 -0.567*
(0.119) (0.111) (0.331)
High-SES referral -0.421%* -0.249 -0.383
(0.220) (0.158) (0.281)
Entry exam (referral z-score) 0.623%** 0.590%+%* 0.892%+%
(0.054) (0.048) (0.114)
Courses taken (z-score) 0.688%*** 0.7607%** 0.930%**
(0.032) (0.035) (0.119)
Same program 2.074%H* 2.198%** 1.257%**
(0.215) (0.185) (0.467)
x> 865.35 981.99 135.47
Observations 110,142 127,088 19,767
Individuals 301 366 67

Note: Individual-level clustered standard errors in parentheses. * p < 0.1, ** p < 0.05,

*** p < 0.01. Each column represents a separate conditional logit regression estimated on

the subsample of referrers from the indicated SES group. Coefficients represent log-odds

of referring candidates from the specified SES group relative to referring middle-SES

candidates. All models include individual fixed effects that control for each referrer’s

choice set composition.
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4.8 Conclusion

We investigate whether SES biases in referral selection stem from individual preferences
in choosing an SES group over others or network segregation. Through a lab-in-the-
field experiment with 734 university students making incentivized referrals from their

enrollment networks, we find that institutional factors dominate individual preferences.

Our key findings are threefold. First, referral patterns remain unchanged across different
incentive structures: participants consistently select high-performing peers with a high
number of courses taken together regardless of whether referral recipients receive addi-
tional compensation. Second, we find an SES bias is that is asymmetric and limited.
While low-SES referrers exhibit strong in-group preferences, middle- and high-SES refer-
rers show no bias toward their own and other groups. Third, network segregation driven
by cost-based program selection explains most referral patterns. At typical referral range
measured by the number of courses taken together, low-SES and high-SES students have
dramatically different choice sets, with high-SES networks containing only 15.7% low-SES

peers compared to 34% university-wide.

These results have important policy implications. While universities expose low-SES stu-
dents to higher-than-population shares of high-SES peers, segregation within institutions
limits meaningful interaction across SES. Our findings suggest that institutional interven-
tions promoting cross-SES contact, represents a promising approach to reduce SES-based
inequality in opportunity transmission. Future research should explore the causal effects
of specific institutional interventions such as mixed seating (Rohrer et al., 2021), or cross-
SES mentoring programs (Alan & Kubilay, 2025), that increase interactions between SES

groups.
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A.1 Additional Figures and Tables

Additional Figures

Figure A.1: Distribution of exam scores at the university
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(a) Math scores at the university (b) Reading scores at the university

Note: Reading scores (left panel) and math scores (right panel) show tight distri-

butions with approximately 75% of students falling within just 13-15 points of each
other.
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Figure A.2: Distribution of students across undergraduate programs

Programs by popularity
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Note: This figure shows the concentration of students across 32 undergraduate pro-
grams at the university. Students cluster around certain programs. The top 5 most
popular programs (Medicine, Law, Biomedical Engineering, Pharmacy Technology,
and Business Administration) account for 43% of all undergraduates, and the top 10

most popular programs account for 64% of students.

Figure A.3: Distribution of participant beliefs

A Own Belief A Nominee Belief
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(a) Beliefs about own performance rank (b) Beliefs about referral performance rank

Note: Panel (a) illustrates participant’s own rank belief minus their actual rank at
the university. Panel (b) illustrates participant’s rank belief of their referral minus
their actual rank at the university. While participants accurately assess their own

rank, they slightly overestimate their referral’s rank.
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Figure A.4: Network shares by SES

Network share by SES
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Note: This figure displays the average network shares of SES groups respectively for
low-, middle-, and high-SES referrers. Horizontal lines plot the university-wide shares
of each SES group (Low: 34%, Mid: 51%, High: 15%). While the share of low-SES
peers in the network decreases as the SES of the referrers increases, the share of high-

SES peers in the network increases. Error bars represent 95% confidence intervals.

Figure A.5: Network shares by SES at courses taken above 12

Network share by SES at median courses taken (>12)
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Note: This figure displays the average network shares of SES groups respectively
for low-, middle-, and high-SES referrers above the median number of courses taken
together. Horizontal lines plot the university-wide shares of each SES group (Low:
34%, Mid: 51%, High: 15%). Low- and high-SES networks both become same-SES
dominated at the expense of each other while middle-SES networks remain balanced.

Error bars represent 95% confidence intervals.
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Additional Tables

Table A.1: Selection into the experiment

University Sample D

Reading score 62.651 65.183 < 0.001
Math score 63.973 67.477 < 0.001
GPA 3.958 4.012 < 0.001
Low-SES 0.343 0.410 < 0.001
Middle-SES 0.505 0.499 0.763
High-SES 0.153 0.091 < 0.001
Female 0.567 0.530 < 0.001
Age 21.154 20.651 < 0.001
Observations 4,417 734

Note: This table compares characteristics between the university and the experimental sample. p-values
for binary outcomes (Low-SES, Med-SES, High-SES, Female) are from two-sample tests of proportions;

for continuous variables, from two-sample t-tests with unequal variances. All reported p-values are two-

tailed.

Table A.2: Distribution of referrals by area
Area Only one area Both areas Total
Verbal 65 608 673
Math 61 608 669
Total 126 1,216 1,342

Note: The table shows how many referrers made referrals in only one area versus both areas. “Only one
area” indicates individuals who made referrals exclusively for one area of the exam. “Both areas” shows
individuals who made referrals in both verbal and math areas. The majority of referrers (608) made

referrals in both areas.
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Table A.3: Referral characteristics by exam area (unique referrals only)

Reading Math p

Reading score 67.733 67.126 0.252
Math score 69.339 71.151 0.008
GPA 4.136 4.136 0.987
Courses taken 13.916 13.019 0.123
Low-SES 0.372 0.385 0.666
Med-SES 0.526 0.518 0.801
High-SES 0.103 0.097 0.781
Observations 487 483

Note: This table compares characteristics of uniquely referred students by entry exam area for the
referral (verbal vs. math). p-values are from two-sample t-tests with unequal variances. Referrals in
Math area go to peers with significantly higher math scores (p = 0.008), while we find no significant
differences for Reading scores, GPA, courses taken, or SES composition for referrals across the two areas.
Excluding referrals going to the same individuals does not change the outcomes for referrals compared

to Appendix Table A .4

Table A.4: Referral characteristics by academic area

Reading Math p

Reading score 67.85 67.41 0.348
Math score 70.04 71.36 0.029
GPA 4.153 4.153 0.984
Courses taken 14.467 13.822 0.206
Low-SES 37% 38% 0.714
Middle-SES 51% 51% 0.829
High-SES 11% 11% 0.824
Observations 673 669

Note: This table compares characteristics of referred students by entry exam area for the referral (verbal
vs. math). p-values are from two-sample t-tests with unequal variances. Referrals in Math area go to
peers with significantly higher math scores (p = 0.029), while we find no significant differences for

Reading scores, GPA, courses taken, or SES composition for referrals across the two areas.
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Table A.5: Average entry exam z-scores by SES network connections

Network average for SES group

Referrer SES Low Middle High
Low 0.086 -0.018 0.144
Middle 0.186 0.023 0.215
High 0.204 0.064 0.285
All -0.361 -0.078 0.169

Note: This table shows average (math and critical reading) standardized entry exam scores for individ-
uals of different SES levels (rows) when connected to peers of specific SES levels (columns). The “All”
row shows the overall average scores across all participant SES levels when connected to each network

SES type. Higher values indicate better academic performance in SD’s.
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A.2 Experiment

We include the English version of the instructions used in Qualtrics. Participansts saw
the Spanish version. Horizontal lines in the text indicate page breaks and clarifiying

comments are inside brackets.

Consent

You have been invited to participate in this decision-making study. This study is directed
by [omitted for anonymous review| and organized with the support of the Social Bee Lab

(Social Behavior and Experimental Economics Laboratory) at UNAB.

In this study, we will pay one (1) out of every ten (10) participants, who will be
randomly selected. Each selected person will receive a fixed payment of 70,000 (seventy
thousand pesos) for completing the study. Additionally, they can earn up to 270,000
(two hundred and seventy thousand pesos), depending on their decisions. So, in total,
if you are selected to receive payment, you can earn up to 340,000 (three hundred and

forty thousand pesos) for completing this study.

If you are selected, you can claim your payment at any Banco de Bogota office by present-
ing your ID. Your participation in this study is voluntary and you can leave the study at

any time. If you withdraw before completing the study, you will not receive any payment.

The estimated duration of this study is 20 minutes.

The purpose of this study is to understand how people make decisions. For this, we will
use administrative information from the university such as the SABER 11 test scores of
various students (including you). Your responses will not be shared with anyone and your
participation will not affect your academic records. To maintain strict confidentiality, the

research results will not be associated at any time with information that could personally
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identify you.

There are no risks associated with your participation in this study beyond everyday risks.
However, if you wish to report any problems, you can contact Professor [omitted for
anonymous review|. For questions related to your rights as a research study participant,

you can contact the IRB office of |omitted for anonymous review].

By selecting the option “I want to participate in the study" below, you give your consent to
participate in this study and allow us to compare your responses with some administrative

records from the university.

e [ want to participate in the study [advances to next page|

e [ do not want to participate in the study

Student Information

Please write your student code. In case you are enrolled in more than one program

simultaneously, write the code of the first program you entered:

[Student ID code]

What semester are you currently in?

[Slider ranging from 1 to 11|

|Random assignment to treatment or control]
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Instructions

The instructions for this study are presented in the following video. Please watch it
carefully. We will explain your participation and how earnings are determined if you are

selected to receive payment.

| Treatment-specific instructions in video format]

If you want to read the text of the instructions narrated in the video, press the “Read
instruction text" button. Also know that in each question, there will be a button with
information that will remind you if that question has earnings and how it is calculated,

in case you have any doubts.

e I want to read the instructions text [text version below|

In this study, you will respond to three types of questions. First, are the belief questions.
For belief questions, we will use as reference the results of the SABER 11 test that you
and other students took to enter the university, focused on three areas of the exam:

mathematics, reading, and English.

For each area, we will take the scores of all university students and order them from
lowest to highest. We will then group them into 100 percentiles. The percentile is a
position measure that indicates the percentage of students with an exam score that is

above or below a value.

For example, if your score in mathematics is in the 20th percentile, it means that 20
percent of university students have a score lower than yours and the remaining 80 percent
have a higher score. A sample belief question is: “compared to university students, in

what percentile is your score for mathematics?"
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If your answer is correct, you can earn 20 thousand pesos. We say your answer is correct
if the difference between the percentile you suggest and the actual percentile of your score
is not greater than 7 units. For example, if you have a score that is in the 33rd percentile
and you say it is in the 38th, the answer is correct because the difference is less than 7.
But if you answer that it is in the 41st, the difference is greater than 7 and the answer is

incorrect.

The second type of questions are recommendation questions and are also based on the
mathematics, reading, and English areas of the SABER 11 test. We will ask you to think
about the students with whom you have taken or are taking classes, to recommend from
among them the person you consider best at solving problems similar to those on the

SABER 11 test.

When you start typing the name of your recommended person, the computer will show
suggestions with the full name, program, and university entry year of different students.
Choose the person you want to recommend. If the name doesn’t appear, check that you
are writing it correctly. Do not use accents and use ‘n’ instead of ‘n’. If it still doesn’t
appear, it may be because that person is not enrolled this semester or because they did

not take the SABER 11 test. In that case, recommend someone else.

You can earn up to 250,000 pesos for your recommendation. We will multiply your
recommended person’s score by 100 pesos if they are in the first 50 percentiles. We will
multiply it by 500 pesos if your recommended person’s score is between the 51st and
65th percentile. If it is between the 66th and 80th percentile, we will multiply your
recommended person’s score by 1000 pesos. If the score is between the 81st and 90th
percentile, you earn 1500 pesos multiplied by your recommended person’s score. And if
the score is between the 91st and 100th percentile, we will multiply your recommended

person’s score by 2500 pesos to determine the earnings.

The third type of questions are information questions and focus on aspects of your per-

sonal life or your relationship with the people you have recommended.
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Earnings

Now we will explain who gets paid for participating and how the earnings for this study
are assigned. The computer will randomly select one out of every 10 participants to pay
for their responses. For selected individuals, the computer will randomly choose one of

the three areas, and from that chosen area, it will pay for one of the belief questions.

Similarly, the computer will randomly select one of the three areas to pay for one of the

recommendation questions.

Additionally, if you are selected to receive payment, your recommended per-
son in the chosen area will receive a fixed payment of 100 thousand pesos.

[Only seen if assigned to the treatment]

Each person selected to receive payment for this study can earn: up to 20 thousand pesos
for one of the belief questions, up to 250 thousand pesos for one of the recommendation

questions, and a fixed payment of 70 thousand pesos for completing the study.

Selected individuals can earn up to 340 thousand pesos.

|[Participants go through all three Subject Areas in randomized order|

Subject Areas

Critical Reading

For this section, we will use as reference the Critical Reading test from SABER 11, which
evaluates the necessary competencies to understand, interpret, and evaluate texts that

can be found in everyday life and in non-specialized academic fields.
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[Clicking shows the example question from SABER 11 below]

Although the democratic political tradition dates back to ancient Greece, political thinkers
did not address the democratic cause until the 19th century. Until then, democracy had
been rejected as the government of the ignorant and unenlightened masses. Today it
seems that we have all become democrats without having solid arguments in favor. Lib-
erals, conservatives, socialists, communists, anarchists, and even fascists have rushed to
proclaim the virtues of democracy and to show their democratic credentials (Andrew
Heywood). According to the text, which political positions identify themselves as demo-

cratic?

Only political positions that are not extremist

The most recent political positions historically

The majority of existing political positions

The totality of possible political currents

Mathematics

This section references the Mathematics test from SABER 11, which evaluates people’s

competencies to face situations that can be resolved using certain mathematical tools.

|Clicking shows the example question from SABER 11 below|

A person living in Colombia has investments in dollars in the United States and knows
that the exchange rate of the dollar against the Colombian peso will remain constant this
month, with 1 dollar equivalent to 2,000 Colombian pesos. Their investment, in dollars,
will yield profits of 3% in the same period. A friend assures them that their profits in

pesos will also be 3%. Their friend’s statement is:
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Correct. The proportion in which the investment increases in dollars is the same

as in pesos.

Incorrect. The exact value of the investment should be known.

Correct. 3% is a fixed proportion in either currency.

Incorrect. 3% is a larger increase in Colombian pesos.

English

This section uses the English test from SABER 11 as a reference, which evaluates that
the person demonstrates their communicative abilities in reading and language use in this

language.

|Clicking shows the example question from SABER 11 below|

Complete the conversations by marking the correct option.

e Conversation 1: I can’t eat a cold sandwich. It is horrible!

— I hope so.
— I agree.

— I am not.
e Conversation 2: It rained a lot last night!

— Did you accept?
— Did you understand?

— Did you sleep?
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|[Following parts are identical for all Subject Areas and are not repeated here for brevity|

Your Score

Compared to university students, in which percentile do you think your [Subject Area]

test score falls (1 is the lowest percentile and 100 the highest)?

|Clicking shows the explanations below|

How is a percentile calculated?

A percentile is a position measurement. To calculate it, we take the test scores for all
students currently enrolled in the university and order them from lowest to highest. The
percentile value you choose refers to the percentage of students whose score is below
yours. For example, if you choose the 20th percentile, you're indicating that 20% of
students have a score lower than yours and the remaining 80% have a score higher than

yours.

What can I earn for this question?

For your answer, you can earn 20,000 (twenty thousand) PESOS, but only if the
difference between your response and the correct percentile is less than 7. For example, if
the percentile where your score falls is 33 and you respond with 38 (or 28), the difference
is 5 and the answer is considered correct. But if you respond with 41 or more (or 25 or

less), for example, the difference would be greater than 7 and the answer is incorrect.

Please move the sphere to indicate which percentile you think your score falls in:
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[Slider with values from 0 to 100]

Recommendation

Among the people with whom you have taken any class at the university, who is your
recommendation for the [Subject Area] test? Please write that person’s name in the

box below:

Important: You will not be considered for payment unless the recommended
person is someone with whom you have taken at least one class during your

studies.

Your response is only a recommendation for the purposes of this study and we will not

contact your recommended person at any time.

|Clicking shows the explanations below|

Who can I recommend?

Your recommendation must be someone with whom you have taken (or are taking) a
class. If not, your answer will not be considered for payment. The person you recom-
mend will not be contacted or receive any benefit from your recommendation.

[Only seen if assigned to the treatment]

As you write, you will see up to 7 suggested student names containing the letters you
have entered. The more you write, the more accurate the suggestions will be. Please
write without accents and use the letter ‘n’ instead of ‘n’. If the name of the person

you're writing doesn’t appear, it could be because you made an error while writing the
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name.

If the name is correct and still doesn’t appear, it could be because the student is not en-
rolled this semester or didn’t take the SABER 11 test. In that case, you must recommend

someone else.

My earnings for this question?

For your recommendation, you could receive earnings of up to 250,000 (two hundred and
fifty thousand) PESOS. The earnings are calculated based on your recommendation’s

score and the percentile of that score compared to other UNAB students, as follows:

e We will multiply your recommendation’s score by $100 (one hundred) pesos if it’s

between the 1st and 50th percentiles

e We will multiply your recommendation’s score by $500 (five hundred) pesos if it’s

between the 51st and 65th percentiles

e We will multiply your recommendation’s score by $1000 (one thousand) pesos if it’s

between the 66th and 80th percentiles

e We will multiply your recommendation’s score by $1500 (one thousand five hundred)

pesos if it’s between the 81st and 90th percentiles

e We will multiply your recommendation’s score by $2500 (two thousand five hundred)

pesos if it’s between the 91st and 100th percentiles

This is illustrated in the image below:
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Figure B.1: Earnings for recommendation questions

For example, if your recommendation got 54 points and the score is in the 48th percentile,
you could earn 54x100 = 5400 PESOS. But, if the same score of 54 points were in the
98th percentile, you could earn 54x2500 = 135,000 PESOS.

[Text field with student name suggestions popping up as participant types]

Relationship with your recommendation

How close is your relationship with your recommendedation: “|Name of the student se-
lected from earlier|"? (0 indicates you are barely acquaintances and 10 means you are

very close)

[Slider with values from 0 to 10|
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Your recommendation’s score

Compared to university students, in which percentile do you think [Name of the student
selected from earlier|’s score falls in the [Subject Area] test (1 is the lowest percentile

and 100 the highest)?

|Clicking shows the explanations below]|

How is a percentile calculated?

A percentile is a position measurement. To calculate it, we take the test scores for all
students currently enrolled in the university and order them from lowest to highest. The
percentile value you choose refers to the percentage of students whose score is below
yours. For example, if you choose the 20th percentile, you're indicating that 20% of
students have a score lower than yours and the remaining 80% have a score higher than

yours.

What can T earn for this question?

For your answer, you can earn 20,000 (twenty thousand) PESOS, but only if the
difference between your response and the correct percentile is less than 7. For example,
if the percentile where your recommended person’s score falls is 33 and you respond with
38 (or 28), the difference is 5 and the answer is considered correct. But if you respond
with 41 or more (or 25 or less), for example, the difference would be greater than 7 and

the answer is incorrect.

Please move the sphere to indicate which percentile you think your recommended person’s

score falls in:

[Slider with values from 0 to 100]
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Demographic Information

What is the highest level of education achieved by your father?

[Primary, High School, University, Graduate Studies, Not Applicable]

What is the highest level of education achieved by your mother?

[Primary, High School, University, Graduate Studies, Not Applicable|

Please indicate the socio-economic group to which your family belongs:

|Group A (Strata 1 or 2), Group B (Strata 3 or 4), Group C (Strata 5 or 6)]

UNAB Students Distribution

Thinking about UNAB students, in your opinion, what percentage belongs to each socio-

economic group? The total must sum to 100%:

|Group A (Strata 1 or 2) percentage input areal
|Group B (Strata 3 or 4) percentage input areal
|Group C (Strata 5 or 6) percentage input area|

[Shows sum of above percentages|
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End of the Experiment

Thank you for participating in this study.

If you are chosen to receive payment for your participation, you will receive a confirmation
to your UNAB email and a link to fill out a form with your information. The process of
processing payments is done through Nequi and takes approximately 15 business days,

counted from the day of your participation.

|Clicking shows the explanations below|

Who gets paid and how is it decided?

The computer will randomly select one out of every ten participants in this study to be

paid for their decisions.

For selected individuals, the computer will randomly select one area: mathematics, read-
ing, or English, and from that area will select one of the belief questions. If the answer

to that question is correct, the participant will receive 20,000 pesos.

The computer will randomly select an area (mathematics, critical reading, or English) to
pay for one of the recommendation questions. The area chosen for the recommendation
question is independent of the area chosen for the belief question. The computer will
take one of the two recommendations you have made for the chosen area. Depending on

your recommendation’s score, you could win up to 250,000 pesos.

Additionally, people selected to receive payment for their participation will have a fixed

earnings of 70,000 pesos for completing the study.
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Participation

In the future, we will conduct studies similar to this one where people can earn money
for their participation. The participation in these studies is by invitation only. Please

indicate if you are interested in being invited to other studies similar to this one:

[Yes, No|
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Chapter 5

Conclusion

This dissertation set out to examine economic behavior under environmental and struc-
tural constraints, motivated by the wide body of evidence that people diverge from the
all-knowing and all-capable rationality of homo economicus. Through three essays ex-
ploring the effects of digital nudging and social networks, I have attempted to document
several ways in which outside factors shape economic decisions beyond individual prefer-

ences.

My first chapter sought to isolate the causal effects of digital design features on consumer
behavior. The investigation into autoplay, however, produced findings that contradicted
my hypotheses and revealed the challenges of studying real-world behavior in a laboratory
setting. For instance, autoplay did not increase video consumption, yet participants
were willing to pay to keep it active. These puzzling results stemmed directly from the
experimental design, which influenced participant behavior in ways that confounded the
effects of my treatment. This experience, combined with intertemporal choice literature
showing that the framing of tasks can produce contentious results, proved invaluable and
highlighted the importance of context. It became clear that to understand a feature like
autoplay, research must account for the personalized, algorithmically-driven environments
where it is actually deployed. This realization guided the shift toward more naturalistic

settings in the subsequent chapters.

The second and third chapters, examined how institutional constraints shape the trans-
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mission of economic opportunities through social networks. The findings from these
chapters paint a nuanced picture of how cross-SES contact takes place in higher edu-
cation. Chapter two, for example, demonstrated that sustained classroom interaction
can be effective at reducing bias and help students learn about their peers’ cognitive
skill and academic performance. This semester-long interaction between classmates re-
sulted in successful referrals of higher performing peers inside the classroom, and targeted

incentives remedied the small SES biases that existed.

However, chapter three revealed the sobering reality that such positive classroom interac-
tions represent only a small fraction of students’ university experience. The institutional
structure of the university, particularly program selection driven by the fees of these
programs, creates powerful forces that segregate the networks of social groups. As low-
and high-SES students progress through their studies, taking more courses within their
programs, their networks become increasingly same-SES homogeneous. The result is
that despite the university’s apparent diversity and the demonstrated potential for posi-
tive cross-class interactions, meaningful connections between high- and low-SES students

remain limited.

These findings carry implications for institutional design. In the Colombian higher ed-
ucation context, non-elite private universities do provide returns to low-SES in terms
of social capital, but it depends on the frequency of cross-SES interactions inside the
classroom. Institutional decisions have profound impacts on the extent of social capital
accumulation. For example, policies like the cost-based program fee structure that ends
up sorting students by income undermines the potential benefits from housing a very

diverse student body.

Several broader conclusions emerge from this research. First, setting up the appropriate
experimental context matters enormously for gathering policy relevant evidence. Digital
nudges created by private firms and the efforts to regulate these point to the fact that
individuals who were not tempted by autoplay in the laboratory may be susceptible to
its effects in their daily lives. If the objective is to guide policymakers, researchers need
concrete evidence from the environment where the said phenomenon is taking place, or at
least be able to replicate it. My takeaway is going to the field, trading external validity

even at some cost of theoretical precision. Limited to such cases, collecting behavioral
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evidence to make sense of what is found in the field is more valuable than delving into
theoretical discussions on why the framing of tasks might alter results. My research from
second chapter onward reflects this shift in perspectives, and my conclusions from the

subsequent parts are accordingly more practical.

A key conclusion is the contrast between individual behavior and the institutional settings
that constrain it. The positive effects on social capital observed in chapter two emerged
from semester-long classroom interactions in small groups with mandatory attendance.
This underscores the importance of sustained, equal-status intergroup contact. Yet, such
opportunities are the exception, not the rule.! Most academic programs offer few electives
that foster mixing, meaning students who are capable of making unbiased assessments in
diverse settings still find themselves in segregated networks. Ultimately, structural factors
that limit meaningful cross-SES connections loom larger than individual preferences.
Consequently, policy interventions that target individual behavior alone will likely fail if

they do not address these underlying institutional barriers.

Looking forward, this research opens several avenues for future investigation. The chal-
lenges encountered in studying digital nudges suggest a need for approaches that capture
the interaction between interface design and content personalization. Field experiments
that manipulate design features within existing platforms through browser extensions or
modified mobile applications, while challenging to implement and problematic because
the risk of substitution effects (where users may switch to other platforms), could provide

more externally valid and policy-relevant insights.

Regarding the accumulation of social capital, future research should test institutional
arrangements designed to maximize cross-group interaction. For example, experimen-
tally increasing the mixed-program courses, allowing for more electives courses across
programs, or even strategically allocating classroom spaces for different programs could
be cost-effective ways to promote beneficial cross-SES interactions. Information provision
interventions, concerning access and eligibility to existing student aid schemes also look

promising for future research.

As society grapples with growing economic inequality and our decisions increasingly made

!To our knowledge, there exists only two such courses at our partner institution.
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in digital environments, I believe this dissertation provides systematic ways to study
these realities from an economic perspective. By examining behavior through the lens
of structural constraints rather than focusing solely on the individual, my hope is to
contribute in designing policies that help regulate markets and institutions toward more

equitable outcomes.
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