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Abstract

Recommender systems shape how people consume news, possibly reinforcing polit-
ical polarization. We run two field experiments to identify how user preferences and
algorithms interact to amplify partisan news consumption. In the first study, 2,065
U.S. participants use blank Google accounts and a browser extension to track users’
activities on Google News. The first-round recommendations are exogenous, allowing
us to show that ideologically aligned content draws more clicks. A second experiment
uses bots to randomly click on articles, revealing that each click leads to more aligned
content. These two pieces of causal evidence establish a feedback loop between user
preference and algorithmic recommendations. We also find in the field study that, after
interacting with the recommender system, people’s level of polarization increases. A
structural model combining a discrete choice model (demand side) with a multi-armed
bandit algorithm (supply side) confirms this positive-feedback mechanism. The model
is then used to simulate a counterfactual "ideology-blind" recommendation policy that
ignores political slant when curating content. While this policy reduces polarization,
it comes at the cost of likely lower engagement. Overall, the findings provide causal
evidence that personalized algorithms reinforce partisan consumption and exacerbate
polarization. They also uncover a fundamental trade-off between mitigating polar-
ization and sustaining engagement, which offers important insights for both platform
owners and policymakers.
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1 Introduction

The issue of political polarization has become increasingly pronounced in modern American

society (Pew Research Center, 2014; Allcott et al., 2020). Individuals today appear to find

it progressively challenging to find common ground and consensus on contentious political

issues. One of the possible explanations could be the influence of social media and digi-

tal platforms powered by recommender systems (Rowland, 2011). Unlike traditional media

such as newspapers and television which deliver the same content to everyone, today’s me-

dia landscape is shaped by online platforms and apps utilizing algorithm-based recommender

systems that tailor content to individual users. These systems infer user preferences from

observed behavior and rapidly adapt the content they deliver to provide personalized ex-

periences (Gillespie, 2014). Nevertheless, there are concerns that such selectively curated

content could reinforce users’ existing beliefs, limiting their exposure to differing viewpoints

(Chaney et al., 2018; Acemoglu et al., 2025). These findings raise two important research

questions. First, do recommendation algorithms used by modern media contribute to po-

litical polarization, and if so, through what mechanisms? Second, what policy or platform

interventions can effectively mitigate algorithmically-driven polarization, and what are the

broader implications of such interventions? This paper aims to investigate both questions in

depth.

Figure 1 illustrates the core mechanism addressing our first research question—the feed-

back loop between users’ news preferences and the recommender system. Specifically, users’

choices—shaped by their underlying preferences—feed into the algorithm and cause the sys-

tem to generate increasingly slanted recommendations. As a result, as individuals’ choice

sets become more slanted, they are increasingly likely to encounter and choose ideologically

aligned content, thereby further reinforcing the feedback cycle. In this paper, we provide

causal evidence for both sides of this loop and demonstrate that this dynamic amplifies

individuals’ polarization levels.

To unpack the feedback mechanism, we leverage two complementary field experiments. First,

a news-browsing study using a Chrome extension records the two-way interaction between
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Figure 1: Feedback Loop Between User Preferences and the Recommender System

Note: This figure illustrates the reinforcement cycle between users’ news consumption preferences and algo-
rithmic recommender systems (RS). User choices feed into the recommender systems, which in turn updates
the news choice set using multi-armed bandit (MAB) or reinforcement learning (RL) methods.

users and the recommender system. Second, a randomized-click experiment with Selenium

bots generates exogenous click signals.1 These designs allow us to isolate how recommenda-

tions causally influence later clicks, and how users’ clicks shape subsequent recommendations,

respectively. We measure the resulting changes in polarization by comparing participants’

political survey responses before and after the study. To evaluate a counterfactual rec-

ommender system design—specifically, an ideology-blind system that curates content solely

based on topic without considering political slant2—we develop and estimate a structural

model of polarization reinforcement. On the demand side, we show that users consistently

prefer content that aligns with their ideological views. The supply-side estimation uncovers

strong positive feedback effects, indicating that the system progressively reinforces users’

existing content preferences. Using these estimates, our counterfactual analysis shows that

implementing an ideology-blind recommendation policy can meaningfully mitigate increases
1We use Selenium, an open-source web automation tool, to program bots that simulate user browsing

behavior by automatically loading web pages and clicking on news articles according to pre-specified random
rules. This allows us to generate exogenous click signals that are not influenced by personal preferences or
prior consumption history.

2This is discussed in the Algorithmic Accountability Act of 2019, Patankar et al. (2019), and MacCarthy
(2020).

3



in both affective and ideological polarization caused by the recommender system.3 However,

it also produces a notable drop in overall engagement, since users receive fewer articles that

match their existing preferences. This highlights a fundamental trade-off: efforts to reduce

echo chambers may inherently conflict with platforms’ engagement goals.

After providing a general overview of the study, we now describe each field experiment in

greater detail and preview some of the results. We begin with the news-browsing field study.

In this study, participants first completed a pre-survey designed to measure their baseline

levels of political polarization. They were then instructed to log in using a provided blank

Google account and install a browser extension built from scratch for this study.4 The exten-

sion recorded detailed, iteration-level data on how users interacted with the recommended

content, capturing both their news consumption choices and how the recommendation algo-

rithm adapted in response to clicks.5

The data shows a positive correlation between prior recommendations and current user

clicks, as well as between current clicks and subsequent recommendations. To identify the

causal impact of recommendations on user behavior, we leveraged the exogeneity of the first

recommendations. Because the provided new Google accounts had no prior browsing history,

the first-round recommendations were free from prior user data, which is confirmed by a

balance table. Using variation of the first round recommendations, we find that for the same

increase in partisan recommendations, users are 2.3–4.9% more likely to consume politically

aligned content compared to misaligned content. These asymmetric responses accumulate

over time and interact with the supply side—namely, the behavior of the recommender

system, where user clicks influence subsequent recommendations.
3Ideological polarization measures individuals’ positions on policy issues, while affective polarization re-

flects their attitudes toward those with opposing political affiliations. The measure of ideological polarization
follows Pew Research Center (2017), while affective polarization is measured as in Druckman and Levendusky
(2019). Many political surveys and the related literature, for example American National Election Studies
(2020), have adopted and adapted some of the questions in their study. For example, ideological polarization
is measured through questions like: “How would you evaluate the statement: ‘Immigrants today strengthen
our country because of their hard work and talents’?” Affective polarization is measured with questions such
as: “How comfortable would you feel having a person from the opposing party as a neighbor on your street?”

4A detailed description of the Chrome extension we developed is provided in Appendix A.
5To ensure compliance, we implemented a back-end machine learning system (MLSys) within the ex-

tension. This system verified that participants had logged in using the assigned account and had correctly
installed the extension.
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Since participants completed surveys both before and after the news-browsing study, we can

directly assess how interactions with the recommender system influence their level of polariza-

tion. We find that the interaction between user behavior and algorithmic recommendations

intensifies polarization relative to participants’ baseline levels prior to system engagement,

with statistically significant increases in both measures. On average, participants’ polariza-

tion levels rose from 0.9 to 2 percentage points after the news-browsing study. These effects

were observed across political affiliations, with slightly stronger affective polarization among

Democratic participants. This suggests that engagement with personalized recommendations

can meaningfully shift political attitudes and exacerbate partisan divisions.

To identify the causal effect of user clicks on subsequent recommendations, we designed a

random-click field experiment using automated Selenium bots. Selenium is an open-source

tool that enables the automation of web browser actions. These bots mimic user behav-

ior—such as scrolling, clicking, and navigating pages. By programming them to click on

news content at random, we created a controlled environment to analyze how the recom-

mender system responds to user behavior. We utilized fifty brand-new Google News accounts

with no prior browsing history. Each bot logged into Google News and connected via a VPN

configured to simulate a Democratic, Republican, or Battleground region. It then interacted

with the recommender system by recording up to 50 news articles before randomly selecting

one to click. After each click, the bot immediately recorded the complete set of subsequent

recommendations.

The results revealed significant algorithmic adaptation on both extensive and intensive mar-

gins. On the extensive margin, engaging with a partisan-leaning article increases the propor-

tion of subsequent recommendations with the same political slant by 4.4%, indicating that

clicking leads to increasingly similar content. On the intensive margin, a one-unit increase in

a clicked article’s stance score produced a 4.1% rise in the mean stance score of subsequent

recommendations, demonstrating that more extreme clicks yield more extreme recommenda-

tions.6 These findings provide compelling evidence that Google’s recommendation algorithm

dynamically reinforces the ideological preferences signaled by users’ clicks.
6The stance score is based on Pew Research Center (2014) and Figure 2, and I rescale the original -10 to

10 scale to a 0 to 1 range, where 0 represents the extreme left and 1 represents the extreme right.
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To evaluate potential solutions to polarization in news consumption and beliefs, we develop a

structural model that combines supply and demand. On the demand side, we use a discrete

choice model to capture how users select among recommended news articles. On the supply

side, we incorporate a multi-armed bandit algorithm that updates news recommendation

using Thompson Sampling. Both components are estimated via maximum likelihood. The

model’s estimates align with the causal evidence: users exhibit strong preferences for politi-

cally aligned content, prompting the system to reinforce these preferences by recommending

more of the same.

Building on this framework, we simulate counterfactual designs for recommender systems

aimed at reducing polarization. Specifically, we model an "ideology-blind" system that

selects content based solely on topic, without considering political slant. Although such

interventions substantially reduce polarization—bringing users’ polarization change close to

zero—they likely incur a trade-off in the form of reduced user engagement. Counterfactual

analysis indicates that over 60% of users would experience a decline in utility under the

ideology-blind policy.7,8

All together, these results provide robust causal evidence that the feedback loop between

user behavior and algorithmic recommendations amplifies partisan content consumption and

polarization. They also provide valuable quantitative estimates to inform the design of

recommender systems that more effectively balance the dual objectives of maximizing user

engagement and minimizing polarization.

There is a rich literature on targeted advertising and behavioral targeting in Marketing

(Iyer et al., 2005; Narayanan and Manchanda, 2009; Dong et al., 2009; Dubé et al., 2017;

Athey et al., 2018; Rafieian and Yoganarasimhan, 2021). Previous research has focused

on how firms use consumer signals to direct advertisements. Our research builds on this

foundation by proposing a framework in which recommender systems leverage user behavior

signals to tailor news content delivery. We argue that when these systems are optimized for
7Our news browsing field study did not include an explicit "exit the platform" option. This design choice

was made to prevent participants from leaving early and collecting payment without meaningful participation.
As a result, we use utility loss as a proxy for engagement loss.

8The social welfare implications of an ideology-blind policy depend on how our society values or weighs
political polarization.
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engagement, they can have unintended consequences on political polarization.

There is also an established strand of literature on polarization spanning Marketing, Eco-

nomics, and Political Science (Prior, 2007; Levendusky, 2013; Allcott et al., 2020; Iyer and

Yoganarasimhan, 2021; Schoenmuller et al., 2022; Boxell et al., 2024; Yoganarasimhan and

Iakovetskaia, 2024). Our contribution lies in observing the reinforcement mechanism at the

most granular level of platform interaction. At each iteration, users make choices based on

their preferences, and the recommender system adjusts accordingly. This iterative feedback

loop strengthens ideological alignment over time and contributes to increasing polarization.

Several studies have examined how media outlets adjust their slant to cater to audience

preferences and influence voting behavior (Mullainathan and Shleifer, 2005; DellaVigna and

Kaplan, 2007; Prior, 2007; Gentzkow and Shapiro, 2010; Levendusky, 2013; Barberá et al.,

2015; Athey et al., 2018; Allcott and Gentzkow, 2017; Enikolopov et al., 2020). Much of this

work focuses on traditional media, which delivers uniform content to all users and adapts

relatively slowly. In contrast, recommender system–based media have the capacity to offer

different content to different users at the same time and update recommendations rapidly

based on individual behavior. A key contribution of this paper is its causal analysis of

adaptive processes at a fine-grained, iteration-level scale, revealing how digital recommender

systems can quickly accelerate polarization.

The concept of the ’echo chamber’ also appears in the literature, along with alternative

designs for recommender systems that might alleviate this problem (Bakshy et al., 2015;

Kunaver and Požrl, 2017; Chaney et al., 2018; Jiang et al., 2019; Levy, 2021). Many ex-

isting studies in this area measure behavior in a descriptive and correlational manner, of-

ten confounded by individuals’ past social media activity. Some rely on lab experiments

or use custom-built recommender systems rather than those deployed in real-world plat-

forms. In contrast, we contribute by running a field study with users interacting with Google

News’s live recommender system. We also causally identify both sides of the feedback loop

and further employ economic modeling to evaluate the potential effects of implementing an

ideology-blind recommender system, offering quantitative insights for platform designers and

policymakers considering such interventions.
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The rest of the paper is structured as follows. Section 2 outlines the design of our two

field studies. Section 3 presents the main reduced-form results. Section 4 presents the

structural model and its estimates for both demand and supply side. Section 5 reports the

counterfactual results. Section 6 discusses the managerial and policy implications of our

findings. Section 7 concludes.

2 Field Experiments

We implement two field experiments: the news browsing study and the random click exper-

iment. Both are conducted on the Google News platform.9 Google News is one of the most

influential platforms in the digital news ecosystem. Launched in 2002, it serves as a compre-

hensive aggregator, curating headlines from over 50,000 publishers worldwide and offering

users personalized recommendations to current news across more than 35 languages.10,11 By

2021, Google reported that its Search and News platforms collectively directed users to news

publishers’ websites over 24 billion times each month, significantly boosting traffic and rev-

enue for media organizations.12,13 With approximately 119.6 million visits in December 2024,

Google News ranks among the top ten most-visited news websites in the United States.14

Central to its operation is a sophisticated recommender system that personalizes content

based on user behavior, aiming to enhance engagement through tailored news experiences

(Liu et al., 2010).

2.1 News Browsing Study

This field study aims to explore how algorithmic recommendations and user clicks inter-

act in the real world setting, and to determine whether engagement with Google News’s

recommender system exacerbates political polarization. It unfolds in three phases—(1) a
9Website: https://news.google.com/foryou

10Google News: the secret sauce, The Guardian, February 25, 2013.
11Spreading the News in New Languages, Google News Blog, March 4, 2016.
12How Google supports journalism and the news industry, Google.
13Facebook, Google fight bill that would help U.S. news industry, Reuters, March 12, 2021.
14Top 50 news websites in the US: The Atlantic saw 40% rise in visits amid group chat scoop, Press

Gazette, April 10, 2025.
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pre-study survey to measure baseline polarization level, (2) users’ direct interaction with the

Google News recommendation algorithm, and (3) a post-interaction survey to capture shifts

in polarization.15,16

We recruited N = 2,065 U.S. participants on Prolific. Each participant was (i) assigned a

blank Google account with no prior browsing history, and (ii) instructed to install a custom

Chrome extension developed for this project. We assigned blank accounts to participants

to eliminate confounding factors such as prior browsing history. This supports a more ro-

bust identification of causal relationships. To increase compliance, participants submitted a

screenshot for verification, and we cross-referenced it with a backend machine learning system

to confirm they logged into the assigned account and installed the extension correctly.

The field study was carried out in three stages:

• Stage 1: Pre-study survey

The study began with a survey. It collected participants’ demographic information—age,

gender, ethnicity, ZIP code, etc. Most importantly, each participant was also asked to

report their political affiliation (Democrat, Republican, or Independent). Participants

then completed measures of ideological polarization (“beliefs” regarding social policy

issues) and affective polarization (“attitudes” toward members of the opposing party),

using Pew Research Center (2014) methodology. These scores served as the baseline

for assessing how participants’ political beliefs and intergroup attitudes change after

engaging with the recommender system.

• Stage 2: Interaction with the recommender system

Following the survey, participants engaged with the Google News platform for about 30-

60 minutes in the field using its recommender system. On average, users made around

20 iterations of news selections. The installed extension tracked the articles—headlines,
15The detailed study procedure, survey steps, example questions, and survey screenshots are provided in

Appendix B.
16Polarization in our study is characterized along two dimensions. Behavioral polarization arises from

patterns in news consumption and algorithmic recommendation. Our study provides causal evidence of the
underlying feedback loop. Stated polarization refers to self-reported ideological and affective polarization
measured by surveys.
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sources, publication times, images, and authors—that participants selected during their

browsing sessions and recorded the list of recommendations generated by the platform’s

algorithm at each iteration.17

• Stage 3: Post-study survey Immediately after the news browsing, participants

completed a post-study survey very similar to the pre-experiment assessment, capturing

any shifts in their ideological polarization and affective polarization. By comparing pre-

and post-study responses, we can quantify the immediate impact of interacting with

the recommender system.18

Given the structure of our data, we begin by examining correlations. First, we regress the

slant of current recommendations on users’ past clicks; next, we regress users’ subsequent

clicks on the slant of current recommendations. As shown in Table 1, both coefficients are

positive and statistically significant. However, these estimates should not be interpreted

causally, as they are affected by serial correlation: persistent user preferences over time

induce strong autocorrelation in both the click and recommendation sequences.

To identify causal relationships in both directions, we leverage exogenous variation in the

independent variables. Specifically, to identify the effect of recommendations on clicks,

we take advantage of brand-new Google News accounts with no browsing history. Each

user’s first–round recommendations are determined by two main factors: (1) the platform’s

population-level priors, which are not user-specific (i.e., what is trendy on the platform now)
17We use the article’s source and the news-media classification from Pew Research Center (2014) to identify

slant.
18Admittedly, this result is best interpreted as the treatment effect of receiving a targeted information inter-

vention followed immediately by a test, which may amplify the measured impact. Additionally, while partic-
ipants are likely exposed to news in their everyday lives, the level of engagement during the study—typically
30 to 60 minutes of focused interaction—is considerably more intense. This concentrated exposure may pro-
duce stronger cognitive or emotional responses than casual or passive media consumption at home. Another
key factor is the personalized nature of the content in the experiment. Unlike traditional media sources
such as newspapers, television, or radio—which broadcast generalized content to a broad audience and up-
date slowly—the information in this setting is tailored to the individual’s interests or prior behaviors. This
personalization may make the content feel more relevant, credible, or persuasive, further intensifying its
effect.
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and (2) the algorithm’s randomized exploration mechanism.19 Population-level priors evolve

over time as users enter the study at different points and as trending topics shift. These

priors are not driven by individual user preferences. In parallel, the exploration algorithm

randomly samples articles to learn which ones resonate with each new user. Because neither

component depends on individual prior browsing behavior and their preference, they pro-

vide a valid exogenous source of variation to identify how recommendations influence clicks.

Conversely, to isolate how clicks shape subsequent recommendations, we run an additional

field experiment in which automated bots perform randomized clicks and we then observe

the changes in the recommendations they received.

2.2 Random Click Experiment

The objective of this field experiment is to isolate the causal impact of individual clicks on

Google News’s recommendation by exogenously randomizing clicks. We implemented bots

using Selenium to simulate clicking behavior on Google News. Specifically, we wrote a suite

of Selenium-based bots that launch a Chrome session for each experimental account, navigate

to the recommendation page, and programmatically click on article links. Then we collected

article-level metadata for downstream analysis.

In particular, each bot logs into its assigned Google account by following the standard web

login process. It is also programmed to handle optional authentication steps, such as backup

email verification, if they appear. Once logged in, the bot navigates to the Google News

"For You" feed, which is curated by the platform’s recommendation system. In each session,

the bot uses an IP to randomly connect to one of three predefined location endpoints.

Each endpoint corresponds to a different political leaning—Democratic, Battleground, or
19Recommender systems typically use Explore-Then-Commit (ETC) and ϵ-Greedy strategies to address

the cold start problem in recommender systems (Felício et al., 2017). The ETC strategy divides the process
into two phases. The initial phase involves exploration, which corresponds to the period when a user account
is newly created. We leverage this period for causal identification, treating it as exogenous. After this phase,
the algorithm commits to the option that has performed best during exploration. The ϵ-Greedy strategy
incorporates random exploration by choosing a random article with a certain probability.
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Republican.20 Upon landing on the news page for each location, the bot executes a series

of interactions to resemble real user engagement. These include randomized scrolling and

timed waits to ensure the full page content is rendered. It then identifies up to 50 individual

news articles and records essential fields such as the article title, source, link, and publication

time. We used fifty brand-new Google News accounts with no prior browsing history. In

each click iteration, we select one of the recommended articles at random. Immediately

after each click, the bot records the complete set of recommendations generated in response.

We repeat this procedure around 100 times for every account so that each click position is

drawn independently. Because each account starts without a browsing history and initial

clicks are randomly assigned, subsequent changes in recommended content are driven by

the experimental clicks. This strategy causally identifies the effect of user clicks on future

recommendations.

One potential concern is that the magnitude of the causal effect of clicks may depend on

the specific sequence of interactions—that is, path dependence. Random clicks are indepen-

dent of user preferences and therefore prevent systematic directional reinforcement at each

iteration coming from preference. By averaging over randomly generated paths, we aim to

minimize the influence of any individual sequence and mitigate bias from path dependence.21

This approach also yields a valid estimate of our target estimand: the average treatment ef-

fect of a click on recommendations across randomly generated paths. We also have a version

of this analysis only using the data from the first click in Appendix C1. The results are

similar but with larger magnitudes, reflecting the system’s heightened sensitivity to click

signals when the account has no prior history.

3 Results

In this section, we present the main results of our two experiments. We aim to demonstrate

how recommendations and clicks causally reinforce one another and how engaging with the
20We are using three locations in our experiment: Sacramento, CA (Democratic-leaning), Saginaw, MI

(a battleground area), and Fort Wayne, IN (Republican-leaning). In the 2024 presidential election, the
Democratic and Republican vote shares in these locations were approximately 58% vs. 38%, 51% vs. 49%,
and 43% vs. 55%, respectively.

21We are also currently running a version of the random click experiment using more accounts.
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recommender system exacerbates polarization. We begin by presenting correlational evi-

dence of the two-way relationship: how recommendations influence subsequent clicks, and

how those clicks, in turn, shape later recommendations. To estimate causal effects, we lever-

age two sources of exogenous variation embedded in our study design. The first comes from

the first-round recommendations shown to newly created accounts with no prior browsing

history. The second source is the randomized click behavior generated by automated bots,

which simulates clicks independent of user preferences. These allow us to separately identify

the causal effect of recommendations on user clicks and how user clicks causally influence

subsequent recommendations. Finally, we quantify the impact of interacting with the rec-

ommender system on both ideological and affective polarization, conditioning on each user’s

baseline polarization levels.

3.1 Consumption and Recommendation Are Highly Correlated

This section investigates the correlational feedback loop between user clicks and algorithmic

recommendations—specifically, how past user clicks influence future recommendations, and

how those recommendations subsequently shape user click behavior. Before estimating these

relationships, we first classify each article by political leaning and assign it an ideological

stance score. Following Pew Research Center (2014), we assign each recommended news

a left-leaning or right-leaning label and apply the corresponding slant score based on its

source.22 Figure 2 presents a visualization of this classification and the associated scores.

Table 1 documents a strong, bidirectional relationship between users’ clicking behavior and

the algorithm’s recommendations: Past user clicks influence the ideological makeup of the

next set of recommended articles, and the ideological slant of those recommendations, in

turn, affects future clicking behavior. First, Columns (1) and (2) in Panel A indicate a

strong association between a user’s prior click and the ideological slant of subsequent recom-

mendations. For example, a one-point increase in the stance score of the prior click (ranging

from 0 = extreme Democratic to 1 = extreme Republican) is linked to a 3.5 percent in-

crease in the average stance of subsequent recommendations. Additionally, clicking on a
22In Pew Research Center (2014), media slant scores range from -10 to 10. A score below 0 indicates the

news source is left-leaning, while a score above 0 indicates it is right-leaning.
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Panel A Outcome: Rect
Mean Stance Score Share of Republican

(1) (2)

Clickt−1(score) 0.035∗∗∗
(0.001)

Clickt−1(rep) 0.033∗∗∗
(0.001)

Observations 43,219 43,219

Panel B Outcome: Clickt
is Democrat is Republican

(1) (2)

Rect(dem) 0.942∗∗∗
(0.021)

Rect(rep) 0.985∗∗∗
(0.026)

Observations 22,788 14,395
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 1: Correlation Between User Clicks and Recommendations

Note: Using data from the news-browsing study, this table reports the correlations between users’ clicking
behavior and the recommendation outcomes. Panel A shows coefficients from regressing the current recom-
mendations (Rect) on the previous iteration’s clicks (Clickt−1). The two click measures are: Clickt−1(score),
the stance score of the prior click (0 = extreme Democratic, 1 = extreme Republican), and Clickt−1(rep),
an indicator for whether the prior click was Republican-leaning. Stance scores and partisan classifications
follow Pew Research Center (2014) with rescaling. The outcome variables are the average stance score of
the recommendations and the proportion that are Republican-leaning. Panel B shows coefficients from re-
gressing the next iteration’s clicks (Clickt) on the current recommendations (Rect). Here, Rect(dem) is the
proportion of recommended articles that are Democrat, and Rect(rep) is the proportion of recommended
articles that are Republican. The outcome variables are the indicators for whether the clicked article is
Democrat or Republican. The number of observations in Panel A is 43,219, representing the full sample. In
Panel B, the regressions are conducted separately for users identified as Democrats (22,788 observations) and
Republicans (14,395 observations). The sum of the two partisan groups is less than the full sample because
users who identified as independents or other affiliations are not included from this subgroup analysis.
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Figure 2: Ideological Slant of U.S. News Audiences

Note: This figure is taken from (Pew Research Center, 2014), section "Media Outlets by the Ideological
Composition of Their Audience". It shows the ideological leanings of audiences for major U.S. media outlets.
The horizontal axis represents ideological consistency, with negative values indicating more consistently
liberal audiences and positive values indicating more consistently conservative audiences.

Republican-leaning article is associated with a 3.3 percentage point increase in the share of

Republican recommendations. In short, as users continue clicking, they tend to receive not

only more recommendations that are aligned, but ones that are more ideologically extreme.

Both relationships are highly statistically significant. Second, Panel B presents results from

a reversed specification, examining how the slant of prior recommendations correlates with

subsequent clicking behavior. A one-point increase in the share of Democratic-leaning recom-

mendations is associated with a 0.942 increase in the likelihood of clicking on a Democratic

article, while a one-point increase in Republican recommendations corresponds to a 0.985

increase in the probability of a Republican click. These statistically significant coefficients

suggest that users tend to click on content that is recommended more. Taken together, these
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patterns point to a strong correlational feedback loop: Click behavior correlates with more

ideologically aligned future recommendations, and exposure to such content is in turn linked

to increased future engagement. While these estimates are correlational and may not be

precise in magnitude due to autocorrelation, they remain informative. While not causal,

they provide a useful benchmark for understanding the overall patterns in the data.

3.2 Impact of Recommendations on Clicks

This section presents causal evidence on how recommendations influence user clicks. We

begin by validating our key identifying assumption: That the first-round recommendations

presented to accounts without prior browsing history are exogenous to users’ pre-existing

characteristics.23 To verify this exogeneity, we conduct a balance test on the ideological

slant of those initial recommendations.

Table 2 displays the balance test for our primary source of exogenous variation. We examined

the first-round recommendations across various demographic groups, including gender, age,

political affiliation, education, income, and ethnicity. The analysis shows no statistically

significant differences in first round recommendations across these demographic categories.

These results validate that the first-round recommendations are evenly distributed across

individuals and not influenced by their pre-existing traits, supporting their exogeneity.

Since the first-round recommendations are exogenous to users’ pre-existing characteristics

and independent of their prior behavior, we use them to causally identify their impact on

participants’ immediate clicking behavior—that is, their first click. The specification we

estimate is:

Clicki = α + βReci + γ′Xi + ϵi, (1)

where Clicki denotes news consumption for individual i at the first iteration. To account for

partisan heterogeneity, we run separate regressions for Democrats and Republicans, reported

in Rows 1 and 2 of Table 3, respectively. The variable Reci denotes the share of recommended
23As discussed earlier, the initial content mix likely consists of a combination of trending items and

randomly selected content. This approach aligns with the Explore-Then-Commit strategy, which is commonly
employed to address the cold-start problem in recommender systems.

16



Table 2: Recommendation Balance Table

% Democrat News
(P-value)

By Gender
Female 50.752
Male 50.549
Non-binary 50.476
F-test (0.971)

By Age
18− 44 50.455
45− 59 51.585
60+ 50.149
F-test (0.558)

By Political Affiliation
Democrat 51.392
Independent 50.673
Republican 49.417
F-test (0.125)

By Education
High school or less 49.445
College or bachelor’s degree 51.330
Associates or technical degree 50.026
Graduate or professional degree 49.664
F-test (0.287)

By Income
$25,000 - $49,999 50.028
$50,000 - $74,999 50.590
$75,000 - $99,999 51.409
$100,000 - $149,999 50.130
$150,000 and more 51.363
F-test (0.825)

By Ethnicity (ranked alphabetically)
American Indian or Alaska Native 57.130
Asian 49.328
Black or African American 49.832
Hispanic or Latino 49.090
Middle Eastern 51.447
Multiracial/Mixed ethnicity 49.414
Native Hawaiian or Other Pacific Islander 65.473
Other/Not specified 45.878
White 51.022
F-test (0.429)

Note: This table reports the proportion of Democrat-leaning news articles recommended in the first round
across various demographic groups, including political stance, age, gender, education, income, and ethnicity
(analyzed separately). For each category, the p-value of an F-test of the null hypothesis that all subgroups
received the same proportion of Democrat news is reported in parentheses.
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content with a Democratic (Row 1) or Republican (Row 2) slant shown to individual i at the

first iteration, depending on whether the user is a Democrat (Row 1) or a Republican (Row

2). The indicator variable Clicki equals 1 if the individual clicks on content aligned with

their political affiliation—Democratic for Row 1 and Republican for Row 2. Put it simply,

Row 1 of Table 3 reports the effect of exposing Democratic users to more Democratic-

leaning content, while Row 2 presents the corresponding effect for Republican users exposed

to more Republican-leaning content. Xi denotes a vector of control variables capturing

the proportion of recommendations falling into each topic—namely politics; economy &

business; technology; health; science; sports; entertainment; education; environment; and

lifestyle—where topic labels are assigned by an LLM (ChatGPT).24

Outcome: Click
is Democrat is Republic

(1) (2)

Rec(dem) 1.024∗∗∗

(0.094)

Rec(rep) 1.011∗∗∗

(0.117)

Covariates Yes Yes
Observations 1,062 642

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 3: Causal Effect of Recommendations on Clicks

Note: This table reports how the ideological composition of first-round news recommendations affects users’
initial consumption choices. The key independent variables are the proportions of partisan content in the
recommendation slate. Corresponding outcomes are the indicators of whether the clicked news is Democrat-
leaning or Republican-leaning. Columns 1 and 2 report Democrat and Republican subsample respectively.
All models control for the distribution of recommended topics—politics; economy & business; technology;
health; science; sports; entertainment; education; environment; and lifestyle—based on LLM classification.

Table 3 reports the estimated causal effects of recommendation slant on user click behav-

ior.25 For the same increase in partisan recommendations, users are 2.2–4.9% more likely
24To assess robustness, we also include the truthfulness score of the news as a control variable. The

corresponding results are reported in Appendix I, Table I5.
25For how Table 3 relates to the 2.2–4.9% estimates shown, see the footnote calculations on the next page.

18



to consume politically aligned content than misaligned content.26 Specifically, Democrats

(Row 1) are 4.9% more likely to click on aligned content compared to misaligned content.27

Similarly, Republicans (Row 2) are 2.2% more likely to engage with aligned content relative

to misaligned content.28 These findings suggest that Democrats exhibit a stronger prefer-

ence for in-group content, a pattern consistent with the demand-side estimates presented in

Section 4.1. In summary, we find causal evidence that a higher share of politically aligned

content in the recommendation slate increases the likelihood that users click on content

matching their own political affiliation.

3.3 Impact of Clicks on Recommendations

After establishing the causal effect of recommendations on clicks—the first half of the feed-

back loop—we now turn to the second: estimating how clicks influence subsequent recom-

mendations. To identify this relationship, we conducted a randomized-click field experiment

using automated Selenium bots (described in Section 2). Each bot was assigned a blank

Google News account, received a list of recommended articles, and, in each iteration, clicked

one of the presented articles uniformly at random. Immediately following the click, the

bot recorded the next set of recommended articles. By leveraging the randomness of the

click as an exogenous source of variation, we estimate how the prior click—measured both

as a continuous stance score and a binary partisan label—affects the slant of the following

recommendations. The specification we run is:

Recit+1 = α + βClickit + ϵit, (2)

where Clickit denotes the random click made by bot i at iteration t. The variable Recit+1

captures the recommender system’s response in the next iteration—specifically, the average

ideological slant of recommended content and the share of Republican-leaning articles. Since
26We define a recommendation or click as “aligned” if the political slant of the article matches the user’s

self-reported party affiliation provided in the pre-survey.
27A 1% increase in partisan recommendations leads to approximately a 1.024% increase in clicks on ideo-

logically aligned news for Democrats. In contrast, the increase in clicks on misaligned content is only 0.976%,
implying a 4.9% higher likelihood of engaging with aligned content, i.e., 1.024−0.976

0.976 ≈ 0.049.
28A 1% increase in partisan recommendations results in a 1.011% increase in clicks on aligned content for

Republicans, compared to 0.989% for misaligned content, yielding a 2.2% difference, i.e., 1.011−0.989
0.989 ≈ 0.022.
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all clicks are random, these results identify the causal effect of a single exogenous click

on subsequent recommendations. The findings reveal a clear pattern: each additional click

leads the system to serve more ideologically aligned content. It also pushes recommendations

toward more extreme positions.

Outcome: Rect+1

Mean Stance Score Share of Republican

(1) (2)

Clickt(score) 0.041∗∗∗
(0.003)

Clickt(rep) 0.044∗∗∗
(0.003)

Individual Fixed Effect Yes Yes
Observations 4,210 4,210
R2 0.033 0.042
Adjusted R2 0.033 0.042

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 4: Causal Effect of Clicks on Recommendations

Note: This table reports the causal impact of randomized click events on the political slant of subsequent
recommendations. Column (1) shows the effect of the stance score of the prior random click (Clickt(score))
on the mean stance score of the next recommendation set (Rect+1: Mean Stance Scores); Column (2) shows
the effect of clicking a Republican-leaning article (Clickt(rep)) on the proportion of Republican-leaning
recommendations (Rect+1: Proportion of Republican). Stance scores and partisan labels follow the Pew
Research Center’s 2014 classification of news outlets Pew Research Center (2014).

The results of the random-click experiment appear in Table 4. They reveal significant effects

on both the intensive and extensive margins. On the intensive margin, a one-unit increase

in the previous click’s stance score produces a 4.1% rise in the mean stance score of the next

recommendations, showing that more extreme clicks yield more extreme recommendations.

On the extensive margin, clicking a Republican-leaning article increases the proportion of

Republican-leaning recommendations by 4.4%.29 Together, these findings demonstrate that

the recommendation algorithm dynamically adapts to each user’s interactions, reinforcing
29Since outlets are categorized dichotomously following Pew Research Center (2014), a similar symmetric

effect is present for Democratic clicks.
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the ideological preferences signaled by their clicks.30

3.4 Recommender Systems Exacerbate Polarization

Now that we have a clear understanding of how user choices and system recommendations

causally reinforce each other, we aim to examine the treatment effect of this interaction on

individuals’ polarization level. At this stage of the study, we investigate how interacting

with the recommender system influences participants’ political views, specifically focusing

on two outcomes: attitudes toward individuals with opposing views (affective polarization)

and participants’ political views on social issues (ideological polarization). Changes in these

measures are calculated by comparing participants’ responses to political surveys, before and

after the news-browsing study.

Treatment
Before After Difference P-value

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

Outcome I: Affective Polarization

Republicans 48.457 49.362 0.905∗∗∗ < 0.001

Democrats 63.284 65.292 2.008∗∗∗ < 0.001

Outcome II: Ideological Polarization

Republicans 57.123 58.163 1.039∗∗∗ 0.001

Democrats 83.161 84.923 1.762∗∗∗ < 0.001

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 5: Shifts in Affective and Ideological Polarization

Note: This table presents the measures of (1) affective polarization (attitudes toward individuals with
opposing views) and (2) ideological polarization (political views on social issues) before and after our study,
segmented by two groups: Republican and Democratic. Both outcomes are scaled from 0 to 100, where
higher values indicate a greater degree of polarization. Column 3 and 4 reports the differences between pre-
and post-study polarization levels, along with the corresponding p-values from a paired t-test. A positive
difference implies that individuals became more polarized following the study.

30First-click analysis in Appendix C1 shows that one click results in approximately a 7–8% increase in sub-
sequent recommendations. We do not interpret this as an average treatment effect, since the recommendation
algorithm is especially responsive to click when the account has no prior history.
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Table 5 shows the results.31 Both affective polarization and ideological polarization mea-

sures are scaled from 0 to 100, where higher values indicate greater levels of polarization. For

affective polarization, we observe statistically significant changes in both partisan groups,

with different magnitudes. Before the study, the affective polarization score for Republicans

was 48.457, which increased to 49.362 after the engaging with the platform, resulting in a

significant difference of 0.905. Democrats exhibited a larger and notable change, with an

increase from 63.284 to 65.292, resulting in a difference of 2.008. These findings suggest that

interaction with the recommender system heightened negative attitudes toward individuals

with differing political views across both partisan groups, with Democrat showing a some-

what stronger response. For ideological polarization regarding political beliefs, we observed

modest but statistically significant changes for both groups. Among Republicans, the po-

larization score increased from 57.123 to 58.163, an increase of 1.039. Similarly, Democrats

showed a change of comparable magnitude, with scores rising from 83.161 to 84.923, an

increase of 1.762.

These findings suggest that 30-60 minutes interaction with the recommender system over

approximately 20 iterations has a small but statistically significant impact on both polar-

ization measures.32 For Republicans, increases in both measures suggest that exposure to

ideologically aligned recommendations may intensify negative perceptions of opposing groups

and reinforce more rigid policy stances. Democrats exhibited slightly more sensitivity to the

treatment in terms of affective polarization but showed a similarly significant shift in ide-

ological polarization. This suggests that recommender systems can indeed shape political

attitudes. If individuals engage with the system over a longer and more sustained period,
31Since the Google News recommender system cannot be easily disabled, constructing a conventional

control group is not feasible. Consequently, the news browsing study is best understood, at least in part,
as an observational study. The identification of the recommender system’s effect on user clicks relies on
the random and exogenous nature of the first-round recommendations. To estimate treatment effects on
polarization, we employ a before-and-after comparison of users’ responses—effectively using each participant
as their own control.

32In large part, we interpret the short term treatment in the study affects participants’ beliefs rather
than their underlying preferences. Changes in attitudes toward certain social issues may result simply from
exposure to related content that shifts their beliefs. Notably, the feedback loop can function even in the
absence of any change in preferences. Changes in polarization levels over the long term may differ from those
observed in the short term. These longer-term effects depend on the degree to which participants continue
to engage with similar content after the study concludes. The extent of this continued exposure can further
shape their beliefs and, over time, potentially influence their underlying preferences as well.
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these effects may persist—and may even intensify—over time. This suggests the value of a fu-

ture long-term study spanning several months or years. However, implementing such a study

poses significant challenges, including high attrition rates and substantial costs associated

with maintaining participant participation over extended durations.33

4 Structural Model

This section employs a structural model to examine the effects of ideology-blind recommender

systems on users and platforms.34 An ideology-blind recommendation policy curates content

without considering political slant. Our research question addresses a critical issue in digital

platform design: How would an ideology-blind recommender system affect user polarization

and platform engagement? To answer this question, we develop a structural model that

integrates both the demand and supply side. To model the demand side, we estimate a

discrete choice framework that captures users’ news choice at each iteration of engagement

with the platform. The results show that both Democrats and Republicans exhibit a clear

preference for content that aligns with their political affiliation. The supply side is modeled

using Thompson Sampling within a multi-arm bandit framework, which captures how the

recommender system selects the articles offered to consumers. We use the model to simulate

the counterfactual impact of implementing ideology blindness in a recommender system.

Our structural approach allows us to quantify the tradeoffs involved: while ideology-blind

recommendations mitigate increases in polarization, they also lead to utility losses for a

significant portion of users, ultimately reducing overall platform engagement.

4.1 Demand Side

The dataset records each user’s sequence of interactions with the recommender system,

including the content presented by the system and the selection made by the user at each

iteration. For causal identification on the demand side, we restrict our analysis to the first
33We conducted a follow-up political survey 30 days after the experiment concluded, with results presented

in Appendix D2. Compared to the immediate post-experiment survey, the longer-term results are more
mixed. Ideological polarization tends to return to baseline levels once users stop engaging with Google
News. However, there is some persistence in affective polarization.

34This is discussed in the "Algorithmic Accountability Act of 2019".
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round of interaction—that is, users’ responses to the initial recommendations.35 Consistent

with the logic outlined in Section 3.2, these first-round recommendations are exogenous,

as they are generated without prior user behavior. This enables us to recover preference

parameters without concerns of autocorrelation.

We model the utility that consumer i derives from news article j in the first round as:

Uij = βd
i Dij + βr

iRij + βx
i Xij + εij, (3)

where Dij and Rij are binary indicators for whether the article leans Democratic or Repub-

lican, and Xij is a vector capturing the article’s topic composition.36 The error term εij

follows a Type I extreme-value distribution.37

In this specification, βi does not indicate individual-level heterogeneity, as such heterogeneity

cannot be identified from cross-sectional data based solely on the first round of interaction.

The only source of heterogeneity we incorporate is users’ political affiliation, as reported in

the pre-survey. Specifically, we define the utility coefficients as:

βd
i = Si × βd

r + (1− Si)× βd
d , βr

i = Si × βr
r + (1− Si)× βr

d, (4)

where Si = 1 if individual i identifies as Republican, and Si = 0 if identified as Democrat.

Thus, for Democratic users (Si = 0), we have βd
i = βd

d , and for Republican users (Si = 1),

we have βr
i = βr

r . Our primary parameters of interest are βd
d and βr

r , which reflect the

marginal utility that Democrats derive from Democratic content and Republicans derive

from Republican content, respectively.

Since there is no outside option—participants could not exit the study before fulfilling the
35We also estimate users’ preferences using data from all rounds. Results are reported in the Online

Appendix, Section E.
36Both Dij and Rij can be included since the model does not have an intercept.
37We also include the truthfulness score as a control variable. The corresponding results are reported in

Appendix I, Table I6.
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requirements38,39—the probability that consumer i selects news item j in the first round

follows the standard logit choice model:

pij =
exp(Vij)∑

k∈Ci
exp(Vik)

, (5)

where Vik represents Uik without the idiosyncratic shock εij, and Ci denotes the choice set

in the first round for consumer i.

The likelihood function for an individual consumer is:

Li =
∏
j∈Ci

(pij)
dij , (6)

where dij is an indicator variable that equals 1 if consumer i clicked on news j in the first

round, and 0 otherwise.

By pooling consumers within each political group (i.e., Democratic or Republican), the

likelihood function for group S can be expressed as:

LS =
∏
i∈S

Li =
∏
i∈S

∏
j∈Ci

(pij)
dij , (7)

where pij denotes the predicted probability that consumer i selects item j, and dij is an

indicator equal to 1 if item j was chosen by consumer i, and 0 otherwise.

Finally, we estimate the parameters separately for the two groups—Democratic and Repub-

lican—denoted as {βs}s∈{d,r} ≡ {
(
βd
s , β

r
s , β

x
s

)
}s∈{d,r}, using MLE as follows:

{β̂s}s∈{d,r} =
{
argmax

βs

logLS(βs)

}
s∈{d,r}

=

{
argmax

βs

∑
i∈S

∑
j∈Ci

dij log

(
exp(β′

sZj)∑
k∈Ci

exp(β′
sZk)

)}
s∈{d,r}

.

(8)
38This restriction prevents participants from immediately leaving the study to claim payment without

providing meaningful input.
39Participants were required to either make 20 effective choices or remain in the study for at least 30 min-

utes. The effectiveness of their choices was determined by a backend machine learning system that analyzed
scrolling behavior, click timing intervals, and related metrics to estimate whether users were engaging atten-
tively. Participants were informed that inattentive or careless clicks would not be counted as participation,
which helps explain why they spent, on average, 1–2 minutes per choice.
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where Zk is a vector that includes all information related to news topics (Xk) and news slant

(Dk, Rk).

Since there is no outside option in the choice set, we cannot normalize utility relative to an

outside alternative. In the results presented in Table 6, we normalize the utility coefficients by

setting βr
d—the indirect utility that a Democratic user derives from consuming Republican-

leaning news—as the baseline. All other estimates—βr
r and βd

d—are relative to this.40 The

coefficients βr
r and βd

d represent the average indirect utility that Republican users derive from

right-leaning content and Democratic users derive from left-leaning content, respectively, and

serve as the key parameters of interest in our analysis.

Parameters Estimate

βr
r 0.312∗∗∗

(0.097)
βd
d 0.405∗∗∗

(0.027)
Note: ∗∗∗p<0.01

Table 6: Demand Side Estimation

Note: This table presents the parameter estimates from the demand-side models, with robust standard er-
rors reported in parentheses. βr

r represents the marginal utility gain from a piece of Republican news for
individuals with a republican stance, relative to βr

d. The model also controls for topic-specific possibility
variables, which account for various news categories, including "politics", "economy & business", "technol-
ogy", "health", "science", "sports", "entertainment", "education", "environment", and "lifestyle".

Table 6 presents the estimate from our demand-side model, which quantifies the strength of

political-alignment preferences among users. The estimates highlight key patterns in partisan

news consumption. The coefficient βr
r , which measures the marginal utility Republican users

derive from right-leaning content, is positive and statistically significant, indicating a clear

preference for ideologically aligned news for Republicans. Likewise, βd
d captures the marginal

utility Democratic users gain from left-leaning content and is notably larger than βr
r . This

suggests that Democrats, on average, display an even stronger preference for aligned content

than Republicans. Since our model already controls topic, these alignment effects likely
40Since adding a constant to all utilities does not affect choice probabilities, the absolute levels of the β

coefficients are not identified. However, their relative differences remain informative and can meaningfully
reflect consumer preferences between partisan news sources.

26



reflect a taste for ideologically aligned content rather than mere subject-matter preferences.41

Users—particularly Democrats—tend to prefer news that aligns with their political views. As

a result, platforms that account for political slant in their recommendation algorithms may

have an incentive to promote aligned content. We confirm this by the supply-side pattern

in Section 4.2. Furthermore, these results feed directly into our counterfactual exercise: an

ideology-blind recommendation approach would erode user satisfaction and, in turn, may

reduce engagement.42

4.2 Supply Side

Demand-side estimation shows that users prefer news aligned with their political slant. If

a recommender system could directly observe users’ political affiliation, it would naturally

leverage this information by predominantly serving aligned content. In reality, the platform

must infer each user’s affiliation from their interactions, creating an exploration–exploitation

tradeoff: the algorithm must experiment with different content to learn a user’s political

leaning (exploration) while also capitalizing on its current belief to maximize engagement

(exploitation). We model this problem as a multi-armed bandit problem with Thompson

sampling. A large body of research demonstrates that Thompson sampling—widely adopted

in various domains, including recommender systems—effectively balances exploration and

exploitation under certain regularity conditions (Thompson, 1933; Honda and Takemura,

2014). We implement this framework to evaluate whether—and by how much—the plat-

form’s sequential learning process updates its slant and reinforces users’ political preferences.

We define a "round" as the moment when a new set of recommendations is generated fol-

lowing a user click; each click and its resulting recommendations constitute one round. As

part of our study design, the extension refreshes the page each time a consumer selects a

piece of news. The number of news articles that is recommended in round t is denoted as

Mt. The slant of the j-th news article recommended to consumer i at time t is represented

by sijt ∈ {0, 1}, where sijt = 1 indicates right-wing content, and sijt = 0 indicates left-wing
41We assume that the utility derived from a topic and its political slant is additively separable.
42As noted earlier, our news browsing field study did not offer an explicit “exit the platform” option. This

design choice aimed to discourage participants from receiving compensation without meaningful engagement.
Consequently, we use utility loss as a proxy for reduced engagement.
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content. For each individual i and round t, we observe the platform’s action in terms of

the proportion of right-wing news recommended, denoted as ait ∈ [0, 1]. The proportion of

left-wing news recommended is then 1 − ait. By definition, ait is the average slant of the

recommended news articles: ait =
∑Mt

j=1 sijt

Mt
. The type of news consumed by consumer i at

time t can be represented as a binary variable cit ∈ {0, 1}, where 0 indicates left-wing news

consumption and 1 indicates right-wing news consumption. The true political type of a con-

sumer is unknown to the platform. When a consumer’s political type aligns with the type

of news they consume, the reward for that round is higher. The reward can be interpreted

as either the time a user spends engaging with the news platform or their willingness to

continue interacting with the system. The recommender system, such as Google News, seeks

to maximize consumer engagement. The signals sent by the consumers to the platform are

a sequence of choices: {ci1, ci2, ci3, . . . }.

As described above, we frame the recommendation platform’s problem as a multi-armed

bandit problem and implement Thompson sampling to manage the exploration–exploitation

trade-off. While Thompson Sampling is known to be optimal under certain regularity con-

ditions (e.g., Honda and Takemura (2014)), we treat our specification as a reduced-form

calibration. The model is intended to capture the fundamental trade-off that underlies any

engagement-optimizing behavioral targeting system, regardless of the specific algorithm it

employs. Although the true underlying algorithm—such as Google’s—may follow a different

specification, possibly based on more complex approaches like reinforcement learning, the

essential mechanism we model remains representative of the broader optimization logic.43

The system’s prior belief for user i is initialized as

ai0 ∼ Beta(α0, β0). (9)
43That said, certain recommender systems explicitly implement designs based on Thompson Sampling, as

documented in Knyazev and Oosterhuis (2023).
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We have the following updates after observing click cit

If cit = 0, ai,t+1 ∼ Beta(αt, βt + cb), (10)

If cit = 1, ai,t+1 ∼ Beta(αt + ca, βt). (11)

Here, α0 and β0 encode the platform’s initial prior belief, while ca and cb control how strongly

each click updates the right- and left-leaning posterior, respectively. Our parameters of

interest are Θ = {α0, β0, ca, cb}.

The specification we use can be viewed as a reduced-form heuristic. It is designed to capture

the fundamental trade-off faced by any recommender system that infers user preferences from

observed behavior—namely, the balance between exploitation and exploration. Notably, our

updating procedure departs a bit from the classic Bayesian updating of a Beta distribution.

In our settings, Bayesian updating does not yield a conjugate posterior. A detailed proof is

provided in Appendix G. Our specification approximates the learning process in a tractable

and interpretable way. We introduce separate updating parameters, ca and cb, to allow for

asymmetric responses to Republican and Democratic clicks. This asymmetry reflects the

possibility that the mapping from clicks to inferred user preferences is not symmetric, and

may result from heuristic-based design choices in the recommendation algorithm—potentially

made by engineers aiming to maximize "reward". This perspective aligns with design con-

siderations discussed in the recommender system literature, such as Knyazev and Oosterhuis

(2023). Another reason for deviating from standard Bayesian updating is that our model

serves as a simplified mapping to approximate a complex reinforcement learning algorithm

that the firm might actually use in reality. We adopt this interpretable formulation because

we lack access to Google’s actual recommendation algorithm, yet aim to capture the core

trade-off it likely embodies. We also estimate a nonparametric version of the updating pro-

cess for αt and βt in Appendix Figure J5. The results provide additional validation for the

specification used in this study. They show that it closely mirrors the behavior of the actual

system, particularly in capturing the asymmetric responses to partisan clicks. Moreover, the

updating rule appears to be approximately linear, consistent with observed patterns.
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To estimate these parameters, we employ maximum likelihood. For each user i with browsing

history {ci1, ci2, ..., ciT}, let

repit =
t∑

k=1

cik, demit = t− repit (12)

denote the cumulative counts of right- and left-leaning clicks up to round t. The posterior

after t observations is

Beta(α0 + ca repit, β0 + cb demit), (13)

The log-likelihood over all users and iterations is

logL(Θ; demit, repit) =
N∑
i=1

T∑
t=1

log

 xα0+ca repit−1 (1− x)β0+cb demit−1∫ 1

0

tα0+ca repit−1 (1− t)β0+cb demit−1 dt

 , (14)

and we estimate

Θ̂ = argmax
Θ

logL(Θ; demit, repit). (15)

Our supply-side calibration results, presented in Table 7, provide insights into how recom-

mender systems dynamically adapt to user behaviors and reinforce content preferences, which

could contribute to polarization. The initial parameters of the Beta distribution (α0, β0) are

of similar magnitude, which reveals that without any user interaction history, the recom-

mender system begins with an initial recommendation that is pretty balanced with a slight

rightward slant. That is, the system maintains reasonable political diversity in its initial

recommendations.

More importantly, the parameters that govern the updating process (ca, cb) demonstrate the

system’s learning and adaptation process. These positive and highly significant coefficients

confirm that the recommender system actively reinforces user preferences through a feed-

back loop: when users select right-leaning content, the system increases the probability of
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Parameter Estimate
α0 4.949∗∗∗

(0.049)
β0 4.298∗∗∗

(0.045)
ca 0.067∗∗∗

(0.005)
cb 0.090∗∗∗

(0.006)
Note: ∗∗∗p<0.01

Table 7: Supply Side Calibration

Note: The table presents the parameter estimates from the supply-side models, with robust standard errors
reported in parentheses. α0 and β0 represent the initial parameter of the beta distribution that characterizes
the proportion of Republican-leaning news among the recommended news. The parameter cα (cβ) denotes
the change applied to α0 (β0) after observing the political stance of clicked news. This adjustment reflects
the reinforcement of the political stance recommendations based on consumer interactions, capturing the
dynamic nature of news recommendations as they adapt to consumer preferences.

recommending similar content in subsequent rounds, and likewise for left-leaning content.44

Interestingly, the larger magnitude of ĉb compared to ĉa suggests that the system responds

more strongly to signals of left-leaning content than right-leaning content, potentially accel-

erating preference reinforcement for left-leaning users.

The finding of positive and statistically significant updating parameters (ca and cb) on the

supply side carries important implications when considered together with our demand side

results. Our demand-side estimates reveal that users exhibit strong preferences for politi-

cally aligned content. When these preferences are reinforced by a recommender system that

adjusts its recommendations accordingly, it constitutes a powerful mechanism for potential

polarization. Each click on politically aligned content not only gives the user’s immediate

utility for consumption but also increases the likelihood of receiving similar content in the fu-

ture, potentially creating increasingly homogeneous information environments. This dynamic
44We also estimate the supply-side model using the random click data, as reported in Appendix F4.

In that specification, both (ca, cb) remain positive and statistically significant. The point estimates differ
slightly. We do not use that specific specification here because the experiment was conducted during an
active political campaign period, which caused the initial recommendations to deviate substantially from a
neutral 50% baseline. Moreover, if we conceptualize the clicking sequence as branching paths, bots—due to
their randomized clicking behavior—do not systematically follow one side of the branches as humans tend
to do. Instead, their behavior resembles a random walk, which leads to supply-side estimates that diverge
from the patterns observed in actual human trajectories.
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feedback process helps explain why our counterfactual analysis finds that an ideology-blind

recommender system would mitigate polarization while decreasing overall engagement. By

disrupting the reinforcement mechanism captured here, such a system would no longer cater

to the strong alignment preferences revealed in our demand-side estimation.

5 Counterfactual

We have shown that user preferences and the recommender system causally reinforce one

another, thereby contributing to increased polarization. In addition, we have estimated and

calibrated both the demand-side and supply-side models. With these components estab-

lished, we proceed to evaluate the impact of an ideology-blind recommendation policy, as

referenced in the Algorithmic Accountability Act of 2019. In this counterfactual, the system

would recommend articles solely by topics, without regard to political slant, allowing us to

assess whether such an approach would mitigate the polarization effects we observe and to

what level it also harms engagement.

5.1 Polarization Level

We implement the ideology-blind counterfactual and investigate its impact in three steps.

First, we randomly reassign the political slant of each recommended article in the news

browsing study dataset, while keeping the topic composition fixed. We then use our esti-

mated demand model to compute the choice probabilities under the modified recommenda-

tion slants. We then simulate each individual’s click sequence dijt multiple times based on

the counterfactual choice probabilities. The variable dijt is a dummy equal to 1 if consumer

i clicks on news article j in round t, and 0 otherwise. Finally, using the empirically esti-

mated linear mapping from news choices to polarization change from our original data, we

translate each simulated click sequence into a predicted shift in polarization, and average

these shifts across all simulated draws. Table 8 outlines the implementation using the nota-

tion introduced in Section 4. A more detailed description is provided in Appendix H. The

corresponding results are reported in Table 9.
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Counterfactual Simulation
Compute the overall share of Republican news (p) across all recommendations.
for each consumer i ∈ {1, . . . , N} do:

for each recommendation round t ∈ {1, . . . , T} do:
for each piece of news j ∈ Cit do:

Reassign Rc
j such that round t contains a proportion p of Republican news

Compute counterfactual utility using the original topic and reassigned stance:
V̂ c
ijt = β̂iZ

c
ijt = β̂d

i D
c
ijt + β̂r

iR
c
ijt + β̂x

i Xijt

Compute the counterfactual choice probability for item j:

pcj =
V̂ c
ijt∑

k∈Cit
V̂ c
ijt

Simulate the counterfactual news choice dummy d̂ijt based on {pcijt}j∈Cit

end for
end for
Count the number of counterfactual Democratic (demc

i) and Republican (repci) choices.
Compute counterfactual polarization change using estimated coefficients:

∆Polarci = γ̂1rep
c
i + γ̂2dem

c
i .

end for

Table 8: Counterfactual Simulation Steps

Note: This table outlines the steps used in the counterfactual simulation. The set Cit represents the recom-
mended news articles for consumer i at round t in the news browsing study. The utility coefficients βi are
estimated via Maximum Likelihood Estimation. The political slant of each news article is reassigned using
the overall Republican share p, computed from the union of all recommendation sets (assumed to reflect the
platform’s full recommendation pool). The counterfactual polarization change is computed based on article-
level consumption, using coefficients γ̂1 and γ̂2, which are estimated via OLS by regressing observed changes
in polarization on the number of Republican and Democratic articles selected during the news browsing
study. Superscripts c are used to indicate counterfactual objects.
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The counterfactual results presented in Table 9 provide compelling evidence of mitigation

on polarization level under the ideology-blind design.45 These findings reveal several insights

with implications for platform design and regulatory considerations. In the observed data in

Table 5, we see substantial increases in polarization across both partisan groups and both

ideological polarization measures. The counterfactual scenario (Table 9) tells a different

story. By implementing an ideology-blind recommender system, we observe substantially

different outcomes. In the counterfactual scenario, the changes in both polarization and

affective polarization are nearly zero—and even negative in some cases. This likely reflects

users’ more frequent exposure to counter-attitudinal content, which substantially reduces

their ideological polarization and affective polarization levels.

Specifically, we find small reductions in ideological polarization under the counterfactual

scenario: 0.060 points for Democrats and 0.054 points for Republicans. These changes

contrast sharply with the increases under the standard recommender system, suggesting

that an ideology-blind approach can slow—and potentially reverse—polarization on policy-

related dimensions. For affective polarization, Republicans exhibit a modest increase of 0.291

points, which represents a 68% decline from the 0.905-point increase seen under the regular

system that reinforces existing beliefs. In contrast, Democrats experience a statistically

significant decrease of 0.286 points, effectively undoing the earlier 2.008-point increase. This

asymmetric pattern indicates that Democrats may be more responsive to ideologically diverse

content than Republicans. Taken together, these findings indicate that an ideology-blind

recommender system could not only avoid contributing to polarization but may also foster

modest depolarization in both attitudinal and policy-related domains.

Additionally, these findings also underscore the substantial role that political alignment in

standard recommender systems plays in driving polarization. Specifically, removing ide-

ological targeting significantly slows—or even reverses—the growth in polarization. This
45Based on the procedure outlined in Table 8 and Appendix H, we compute the counterfactual change

in polarization using a linear model trained on data from our field study. Specifically, we use individuals’
news consumption choices as explanatory variables and estimate a linear model where the outcome variable
is the observed change in polarization from the news browsing study. We then apply this estimated model
to the counterfactual news choices in order to predict the corresponding change in polarization under the
counterfactual scenario.
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After-Before

Democrat Republican

(1) (2)

Affective -0.286∗∗∗ 0.291∗∗∗
Polarization (0.008) (0.007)

Ideological -0.060∗∗∗ -0.054∗∗∗
Polarization (0.006) (0.002)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 9: Simulated Polarization Change

Note: This table reports changes in polarization levels following the study, for the counterfactual scenario.
Standard errors are reported in parentheses. Measures include Democratic/Republican Affective Polarization
and Ideological Polarization. Column 1 reports the polarization change for Democrats. Column 2 reports
the polarization change for Republicans.

finding provides empirical support for longstanding concerns about algorithmic filter bub-

bles and echo chambers, quantifying their precise impact on polarization dynamics. They

suggest that even some adjustments to recommendation algorithms’ treatment of political

content could yield significant reductions in polarization without completely eliminating the

personalization features on topics that drive user engagement. However, the polarization-

reducing benefits of an ideology-blind recommender system must be considered alongside

its potential costs. Our demand-side estimates suggest that, given users’ strong preferences

for ideologically aligned content, such an approach would likely lead to lower user satisfac-

tion and decreased platform engagement. This highlights the fundamental tension between

business incentives that favor engagement optimization and societal concerns about politi-

cal polarization. The next section examines the impact of ideology blindness on platform

engagement.

5.2 Platform Engagement

Having demonstrated that ideology-blind recommender systems can mitigate polarization, we

now turn to assessing their potential cost—specifically, a reduction in user engagement. To

quantify this trade-off, we calculate the percentage of users whose expected utility falls under
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the counterfactual recommendation policy. Specifically, we compare each user’s expected

utility under the Google News current recommender system with that under the ideology-

blind design.

Following the procedure described in Table 8, we simulate news choices B times under both

the current recommender system and a counterfactual ideology-blind system. For each sim-

ulation, we compute the associated utility, allowing us to estimate the individual’s expected

utility under each of the two recommender systems design. We then compute each user’s

expected utility under the current recommendation policy as V̂i =
1
B

∑
b

∑
t

∑
j∈Cit

d̂ijtV̂ijt,

and under the ideology-blind counterfactual as V̂ c
i = 1

B

∑
b

∑
t

∑
j∈Cit

d̂cijtV̂
c
ijt.46 The utility

difference between the two policies is then given by ∆V̂i = V̂ c
i − V̂i, which serves as a proxy

for changes in user engagement.

Group
Democrats Republicans Overall

(1) (2) (3)

(∆V̂i < 0) % 67.2∗∗∗ 48.0∗∗∗ 60.3∗∗∗
(1.88) (2.67) (1.57)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 10: Percent of Consumer Experiencing Utility Loss

Note: This table reports the percentage of consumers who experience a utility loss in the counterfactual
scenario, broken down by group (Democrat, Republican, and Overall). Standard errors are reported in
parentheses.

The results in Table 10 show the percentage of users who would experience utility loss

under an ideology-blind recommender system compared to the regular personalized system.

This measurement helps us approximate the potential engagement cost of implementing this

policy. Overall, 60.3% of users would experience some degree of utility loss when exposed

to ideology-blind recommendations. This finding is statistically significant at the 1% level.

46Recall that utility is computed as V̂ijt = β̂d
i Dijt + β̂r

i Rijt + β̂x
i Xijt, and under the counterfactual as

V̂ c
ijt = β̂d

i D
c
ijt + β̂r

i R
c
ijt + β̂x

i Xijt, where the superscript c denotes counterfactual quantities. The simulation

of choice d̂ijt is based on probability estimation as p̂ijt =
exp(V̂ijt)∑

k∈Cit
exp(V̂ikt)

. Under the counterfactual, the

simulation of d̂cijt is based on p̂cijt =
exp(V̂ c

ijt)∑
k∈Cit

exp(V̂ c
ikt)

.
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When broken down by political affiliation, we see that Democrats would be slightly more

impacted than Republicans, with 67.2% of Democrats experiencing utility loss compared to

48.0% of Republicans. This outcome is expected, given that our demand estimates indicate

Democrats exhibit a stronger preference for ideologically aligned content.

These findings in Section 5 quantify the trade-off between user engagement and polarization

that both platform designers and policymakers must consider. While implementing ideology-

blind recommendations reduces polarization, it comes at a cost: 60% of users experience a

decline in utility. While this approach provides societal benefits by reducing polarization,

it comes at the likely cost of reduced user engagement. Moreover, it underscores important

short- and long-term trade-offs that platform designers must carefully evaluate. The key

insight is that although polarization may boost engagement in the short run, it can undermine

long-term engagement by fostering a more divided and fragmented user base. We discuss

this in the next section.

5.3 Tradeoff between Utility Loss and Polarization

Under the counterfactual in which the recommendation platform is fully identity-blind, users

experience utility losses while polarization is mitigated. This motivates a systematic exami-

nation of the tradeoff between user utility and polarization.

To this end, we modify the recommendation algorithm and conduct a series of parallel

counterfactual experiments. In each experiment, we impose a fixed threshold on the share of

aligned content delivered to users in every round. Under this policy, the fraction of aligned

content remains constant over time and does not adapt to users’ interaction histories.

For instance, when the threshold is set to 55%, Democrat-leaning users receive 55% Democrat

news in each round, and Republican-leaning users receive 55% Republican news. Unlike

the identity-blind benchmark, this design conditions on users’ stance types and treats the

alignment threshold as a policy parameter.

We vary the threshold from 0% to 40% in increments of 1%. For each value, we compute

(i) the proportion of users experiencing utility loss and (ii) the corresponding change in
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polarization. We then estimate

% of Users Facing Loss = α + β ×∆Polar, (16)

where the coefficient −β represents the expected proportion of users who must experience

utility loss in order to mitigate one unit of polarization.

Table 11 reports the results. To mitigate one unit of affective polarization, approximately

13% of users would experience utility loss, while for ideological polarization, this figure

increases to about 15%.

% of Users Facing Utility Loss

(1) (2)

∆ Polarization

Affective −13.066∗∗∗
(1.889)

Ideological −15.251∗∗∗
(2.204)

Observations 41 41
R2 0.551 0.551
Adjusted R2 0.540 0.540

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11: Polarization Change and Utility Loss

Note: This table examines the relationship between polarization change and utility loss under the counterfac-
tual experiments. The threshold for the proportion of aligned content in the recommendations is varied from
0% to 40%. For instance, when the threshold is set to 40%, Democrat-leaning users receive 40% Democrat
news in each round, and Republican-leaning users receive 40% Republican news.

6 Managerial and Policy Implication

Our paper reveals a clear trade-off platform that owners and policymakers face when consid-

ering recommender systems. Ideology-blind recommender systems reduce polarization but
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at a likely cost of reduced user engagement. This presents them with competing objectives.

Platform owners and policymakers must trade off between the societal benefits of reduced

polarization and engagement losses. Policymakers could consider regulating platforms to

reduce slant-based targeting. If necessary, regulators might also explore compensating plat-

forms for adopting ideology-blind recommender systems, enabling them to internalize the

societal costs of polarization rather than treating it as an externality.

Additionally, platform owners face another trade-off—one not formally examined in this

paper but potentially highly relevant: the tension between short-term and long-term user

engagement. They must balance the boost in short-term engagement from polarizing con-

tent against its long-term risks. Although stories predominantly from one side can drive

immediate clicks and time on site, polarization on content recommendation in the long run

could foster a hostile environment and alienate users seeking diverse perspectives (Cinelli

et al., 2021). This could ultimately erode long-term engagement. To achieve sustainable

growth, platform owners might want to explore hybrid approaches, striking an optimal bal-

ance between short-term and long-term user engagement. For instance, platforms could

adopt moderate diversity constraints that guarantee some exposure to cross-cutting con-

tent, while still permitting a degree of slant-based personalization to mitigate the impact on

short-term user engagement.

For policymakers, our findings provide quantitative evidence for potential regulatory ap-

proaches. Instead of requiring fully ideology-blind systems, regulators could implement min-

imum diversity standards that balance the goals of reducing polarization with maintaining

platform viability and user satisfaction. Regulators may also need to consider compensat-

ing platforms that adopt ideology-blind recommender systems. These more nuanced policy

approaches recognize that while such systems can meaningfully enhance social cohesion by

reducing polarization, their implementation must be carefully designed to avoid substantial

engagement losses that could undermine platform sustainability.
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7 Conclusion and Future Work

In this paper, we provide causal evidence of both sides of the feedback loop between users’

news preferences and the recommender system. We also show that this dynamic exacerbate

individuals’ polarization level. We leverage two field experiments to unpack this feedback

loop. First, a news-browsing field study conducted via a Chrome extension captures the

two-way interaction between users and the recommender system. Importantly, the first rec-

ommendation is exogenous to user behavior and preference. Second, a randomized-click

field experiment with Selenium bots generates exogenous click signals. These designs al-

low us to isolate how recommendations causally influence later clicks, and how users’ clicks

shape subsequent recommendations, respectively. Next, we quantify the resulting changes

in polarization by comparing participants’ pre- and post-study survey responses. We then

estimate two complementary models: On the demand side, Maximum Likelihood Estimation

of the choice model confirms that individuals tend to favor ideologically aligned news. On

the supply side, a multi-armed bandit model calibrated using Thompson Sampling reveals

strong positive feedback effects that amplify users’ content preferences. Building on these

estimates, our counterfactual analysis shows that an ideology-blind recommendation pol-

icy—one that ignores political slant and curates contents solely by topic—can substantially

mitigate increases in both affective and ideological polarization content. However, it also

produces a notable drop in overall engagement, since users receive fewer articles that match

their existing preferences. This tradeoff underscores a fundamental dilemma: initiatives to

reduce echo chambers may conflict with platforms’ short-term engagement goals. To address

this tension, regulators may need to consider compensating platforms for efforts that reduce

polarization.

Looking forward, we see three promising avenues for further exploration. First, platforms

can test implementation of ideology-blind features on a small subset of users to validate our

counterfactual estimates in real-world settings. Second, researchers could explore alterna-

tive algorithmic designs—beyond pure blindness—that strike an optimal balance between

minimizing polarization and preserving user engagement, framing this as a multi-objective
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optimization problem. Finally, building richer longitudinal datasets that follow users over

several months or years—an effort that could cost millions of dollars—would allow for the

measurement of the long-term effects of recommendation-driven polarization.
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A Google News Extension Overview

For both field studies presented in this paper—the news browsing study and the random click

study—we developed a custom Google News extension from scratch. Below is a summary of

its functionality.

The Chrome extension is designed to operate passively in the background as users interact

with the Google News platform. Upon installation, it requests permission to access a prede-

fined set of URL patterns, primarily targeting domains associated with Google News (e.g.,

news.google.com and relevant subpaths). When a user navigates to one of these pages, the

extension automatically injects a content script into the rendered DOM. This script monitors

page-level activity and establishes a persistent WebSocket connection to a remote logging

server built on an Express backend. The connection is authenticated using a short-lived

JWT token, which the extension retrieves either from a configuration file or through manual

set-up on the options page.

Each time a supported page is loaded, the extension waits for the main content feed to

fully render, ensuring all asynchronous elements—such as lazy-loaded article modules—are

present. It then queries the DOM using CSS selectors and heuristic rules to identify discrete

article blocks. For each block, the extension extracts key metadata, including the headline,

publication source, URL slug, category tag (when available), and visible timestamp. If

an explicit publication time is not present, the extension infers timing based on relative

labels (e.g., “2 hours ago”) and the current page load time. To capture a broader range

of engagement signals, the extension instruments several low-level user behaviors. These

include scroll depth (tracked through scroll listeners with threshold-based triggers), dwell

time (monitored via focus and blur events), and article clicks (captured using delegated click

handlers on anchor elements). Each interaction is timestamped and linked to a persistent

session ID. Events are accumulated in a local queue. Once the threshold is reached, the events

are serialized into JSON and transmitted to the backend via WebSocket. If the WebSocket

connection fails, the extension falls back to RESTful POST requests using Fetch or XHR,

depending on the client version.
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B Procedure of the News-browsing Study

Recruitment

Pre-survey

Account assignment

Extension installation

News browsing

Post-survey

End of study

We appreciate your participation in this study. Our research examines pat-
terns in news consumption. We want to emphasize that it is required for par-
ticipants to use Google Chrome, as the study is optimized for this browser.
We are excited to have you on board and look forward to your participation.

Instructions

Your participation in the experiments will require the following five steps:

1. Please carry out a pre-survey using Qualtrics.
2. Enter your Prolific ID to receive your unique Gmail Account, Password,

and backup recovery email address.
3. Please install the following extension. This extension is only guaranteed

to work optimally on Google Chrome, hence we mandate its usage for par-
ticipation in our study. If Google Chrome is not installed on your device,
you can download it using this link: https://www.google.com/chrome.
Please note, failure to use Google Chrome may prevent you from com-
pleting the experiments.

4. Browse through Google News, selecting the articles you wish to read.
Please note: any clicks within a short time interval will not be considered
as valid.

5. Please conduct a final survey on Qualtrics.

Upon completing the survey, you will receive a completion code. Please enter
this identifier accurately into the text box below to proceed to the subsequent
sections.
Should you have any questions or concerns, feel free to reach out to us at
help@haasresearch.org.

Consent

By selecting the button below, you are consenting to participate in this study.
You are also affirming that you are a minimum of 18 years of age and that
you have comprehended the information provided in the consent form. Upon
clicking the button, you will be directed to a pre-survey designed to gather
basic information about you, conducted via the Qualtrics platform. Upon
survey completion, you will receive a completion code. Kindly return to this
page and input the code into the text box provided below.

Figure B1: Procedure of News-browsing Study

Note: This figure presents the procedure of our news-browsing study. The procedure of post-survey is similar
to that of pre-survey described in Figure B2. The instructions participants received is shown on the right
side.
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Demographics

Political Affiliation

Affective Polarization Measure

Ideological Polarization Measure

End of Survey

Figure B2: Procedure of Surveys

Note: This figure presents the procedure of pre-survey and post-survey in our study. Affective polarization is
measured with questions such as: “How comfortable would you feel having a person from the opposing party
as a neighbor on your street?”. Ideological polarization is measured through questions like: “How would you
evaluate the statement: ‘Immigrants today strengthen our country because of their hard work and talents’?”.
The screenshots of example questions are shown on the right.
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C Effect of Random Clicks on Recommendations Using First-

Round Data

Outcome: Rec2
Mean Stance Score Share of Republican

(1) (2)

Click1(score) 0.071∗∗∗
(0.018)

Click1(rep) 0.079∗∗
(0.034)

Observations 50 50
R2 0.240 0.102
Adjusted R2 0.225 0.083

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table C1: Random Click Effect in The First Round

Note: This table reports the causal impact of randomized click events on the political slant of subsequent
recommendations in the first round. Column (1) shows how the stance score of the prior random click
(Click1(score)) affects mean stance score of the next recommendation set (Rec2: Mean Stance Score); Column
(2) shows the how a Republican-leaning article (Click1(rep)) affects the proportion of Republican-leaning
recommendations (Rec2: Proportion of Republican). Stance scores and partisan labels follow the Pew
Research Center’s 2014 classification of news outlets Pew Research Center (2014).
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D Longer-Term Change in Polarization

Treatment
Before Follow-up Difference P-value

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

Outcome I: Affective Polarization

Republicans 49.030 50.851 1.821∗∗ 0.019

Democrats 63.358 64.473 1.115∗∗∗ 0.004

Outcome II: Ideological Polarization

Republicans 54.936 55.065 0.129 0.859

Democrats 82.576 82.886 0.310 0.473

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table D2: Long-term Change in Polarization

Note: This table presents the measures of (1) affective polarization (attitudes toward individuals with
opposing views) and (2) ideological polarization (political views on social issues) before our study and 30
days after the study, segmented by two groups: Republican and Democratic. Both outcomes are scaled from
0 to 100, where higher values indicate a greater degree of polarization. The table also reports the differences
between pre-study and 30 days after the study polarization levels, along with the corresponding p-values
from paired t-test. A positive difference implies that individuals became more polarized following the study.
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E Demand Side Estimation for Full Sample

Table E3: Demand Side Estimation

coefficient value

βr
r 0.891∗∗∗

(0.100)
βd
d 1.857∗∗∗

(0.495)
baseline βrd

Note: This table presents the parameter estimates from the demand-side models, using data of all iterations
of Democrat and Republican. βr

r represents the marginal utility gain from a piece of Republican news for
individuals with a Republican stance, relative to βr

d. The model also controls for topic-specific possibility
variables, which account for various news categories, including "politics", "economy & business", "technol-
ogy", "health", "science", "sports", "entertainment", "education", "environment", and "lifestyle".
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F Supply-Side Calibration Based on Random Click Data

Parameter Estimate
α0 19.084∗∗∗

(0.202)
β0 15.253∗∗∗

(0.157)
ca 0.357∗∗∗

(0.026)
cb 0.360∗∗∗

(0.026)
Note: ∗∗∗p<0.01

Table F4: Supply Side Calibration for Random Click Experiment

Note: The table presents the parameter estimates from the supply-side models for the random click experi-
ment. α0 and β0 represent the initial parameter of the beta distribution that characterizes the proportion of
Republican-leaning news among the recommended news. The parameter cα (cβ) denotes the change applied
to α0 (β0) after observing the political stance of clicked news. This adjustment reflects the reinforcement
of the political stance recommendations based on participants’ interaction with the random-clickling bots,
capturing the dynamic nature of news recommendations as they adapt to consumer consumption behavior.
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G Supply-Side Model with Bayesian Updating

Proposition: The Bayesian updating for the proportion of Republican news, ait, gives a

non-conjugate posterior.

Proof:

In this framework, we summarize the assumptions and notations as follows. The platform

determines the share of Republican-leaning recommendations based on its current belief

about the user’s political orientation. Specifically, the proportion ait of Republican content

shown to user i in round t is set equal to the platform’s posterior belief that the user is

Republican, denoted pit(θi = 1), where θi = 1 indicates a Republican-leaning user. The

user’s latent type θi is drawn from a Bernoulli distribution, θi ∼ Bernoulli(w), with the prior

on w following a Beta(α, β) distribution. After each round, the platform updates its belief

based on the political slant of the article clicked by the user, denoted by cit, where cit = 1 if

the clicked article is Republican and cit = 0 otherwise. This process allows the platform to

continuously refine its estimate of the user’s political stance.

The proportion of Republican news in recommendation is

ait = pit(θ) = wit|ci,t−1

The posterior probability of w given c is

P (w|c) = P (c|w)P (w)∫
w
P (c|w)P (w)dw

where

P (c|w) = P (c, θ = 1|w) + P (c, θ = 0|w)

= P (c|θ = 1, w)P (θ = 1|w) + P (c|θ = 0, w)P (θ = 0|w)

= wP (c|θ = 1, w) + (1− w)P (c|θ = 0, w)
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Let n denote the number of news articles. Define Pr(θ) as the probability that a user clicks

on a Republican news article given preference parameter θ, i.e., Pr(θ) = P (dj = 1 | θ, sj = r).

Similarly, let Pd(θ) denote the probability of clicking on a Democratic article given θ, that

is, Pd(θ) = P (dj = 1 | θ, sj = d).

P (c = 1|θ) = anPr(θ)

anPr(θ) + (1− a)nPd(θ)
=

aPr(θ)

aPr(θ) + (1− a)Pd(θ)

Denote t(θ) = Pr(θ)
Pd(θ)

as the relative probability of clicking Republican news compared to

Democrat news. It is natural to assume that t(1) ≥ 1 and t(0) ≤ 1. Thus,

P (c = 1|θ) = at(θ)

at(θ) + 1− a

P (c = 0|θ) = 1− a

at(θ) + 1− a

And with a|w = w, we have

P (c = 1|θ, w) = wt(θ)

wt(θ) + 1− w

P (c = 0|θ, w) = 1− w

wt(θ) + 1− w

Therefore, we have

P (c = 1|w) = w
wt(1)

wt(1) + 1− w
+ (1− w)

wt(0)

wt(0) + 1− w

And

P (w|c = 1) ∝ wα−1(1− w)β−1

[
w

wt(1)

wt(1) + 1− w
+ (1− w)

wt(0)

wt(0) + 1− w

]
For the general case, however, p(w | c = 1) does not follow the functional form wa(1− w)b,

and thus is not Beta-distributed.
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Similarly, we can prove that

P (c = 0|w) = w
1− w

wt(1) + 1− w
+ (1− w)

1− w

wt(0) + 1− w

and

P (w|c = 0) ∝ wα−1(1− w)β−1

[
w

1− w

wt(1) + 1− w
+ (1− w)

1− w

wt(0) + 1− w

]
which means w|c = 0 is not Beta-distributed either.

For special cases:

1. t(1) = t(0) = 1, meaning people with different stances have the same preference for

news of different stances. In this case, we infer that P (w|c = 1) ∝ wα(1 − w)β−1,

implying that w|c = 1 ∼ Beta(α+ 1, β). The recommender system will be updated in

one step.

2. t(1) = +∞, t(0) = 0, meaning people will only consume aligned content. In this case,

we infer that P (w|c = 1) ∝ wα(1 − w)β−1, implying that w|c = 1 ∼ Beta(α + 1, β).

The recommender system will also be updated in one step.

In conclusion, ait is not Beta-distributed after Bayesian updating, unless the preference index

t(θ) = 1, meaning that individuals with different political stances equally prefer Republican

and Democratic news; or unless t(1) = +∞ and t(0) = 0, meaning that individuals only

view content aligned with their own stance.
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H Detailed Steps for Counterfactual

We implement the ideology-blind counterfactual and simulate the new polarization level in

three steps. As outlined in Section 4, individuals’ expected utility from news consumption

is modeled as

Vijt = βd
i Dj + βr

iRj + βx
i Xj,

where Dj and Rj are binary indicators for whether article j is Democrat-leaning or

Republican-leaning, and Xj denotes the topics of news.

Step 1: Random reassignment of political stance. In each round t, for each user i, we

randomly reassign the political stance of articles to balance the Democrat recommendations

and Republican recommendations. Specifically, we define the average share of Republican

articles across all recommendations as:

p =
1

NT

∑
i

∑
t

∑
j∈Cit

Rj

|Cit|
,

where N is the number of users, T is the number of rounds, and Cit is the set of articles

recommended to user i in round t. p can reflect the total share of Republican news in the

whole recommendation pool.

To balance the recommendations of Democrat and Republican news, we re-assigned the

political slant of news Rc
j for all news j and ensured that the post-replacement Republican

share in each round matches the overall average,∑
j∈Cit

Rc
j

|Cit|
= p ∀Cit.

Using the reassigned stances, while holding the topic composition constant, we compute

counterfactual utilities as:

V̂ c
ijt = β̂d

i D
c
j + β̂r

iR
c
j + β̂x

i Xj.

where β̂d
i , β̂r

i , β̂x
i are estimated using observed data.

Step 2: Simulate counterfactual news consumption. For each individual, we simulate
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their counterfactual choice using the Multinomial Logit Model:

P c
ijt := Pr(dcijt = 1) =

exp(V c
ijt)∑

j∈Cit
exp(V c

ijt)
,

where dcijt is a dummy equal to 1 if consumer i clicks on news article j in round t, in the

counterfactual scenario, and 0 otherwise. We draw dcijt from a multinomial distribution with

probability P c
ijt.

We then obtain the counterfactual click sequence for each consumer, denoted by {ccit}. ccit = 1

represents the user i clickes a Republican news article in the round t, in the counterfactual

scenario. Following the approach in Section 4, we construct the accumulated counterfactual

consumption of Republican-leaning and Democrat-leaning news as repcit =
∑t

k=1 c
c
ik and

demc
it = t− repcit, respectively.

Step 3: Estimate counterfactual polarization change. We then use a linear model to

map news consumption to changes in polarization:

∆Polari = γ1repiT + γ2demiT + σi,

where repiT and demiT are the total number of Republican- and Democrat-leaning articles

consumed by user i, and σi is an i.i.d. error term.

After estimating γ1 and γ2 from observed data, we apply them to the counterfactual con-

sumption totals repciT and demc
iT to compute the predicted change in polarization under

ideology-blind exposure. The aggregate results are reported in Table 9.
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I Robustness Check with Truthfulness Score

I.1 Truthfulness Score Assessment via RAG and ChatGPT

To evaluate the factual correctness of news headlines, we implement a retrieval-augmented

generation (RAG) pipeline that leverages large language models (LLMs) for fact-checking.

The procedure is as follows:

1. Input Title. A news headline (e.g., “5G networks cause COVID-19 symptoms”) is

provided as the input query.

2. Retrieval-Augmented Generation (RAG). To ensure that the LLM grounds its

judgment in evidence, the query will be passed to a retriever that searches a background

document store for relevant passages. These retrieved passages serve as contextual

evidence for the generator.

3. Prompt Construction. The query and retrieved passages are embedded into a struc-

tured instruction prompt, where the system is explicitly asked to return a truthfulness

score between 0 and 1 and a short textual explanation. The scoring scheme is defined

as:

• 0: completely false or misleading,

• 1: completely true and accurate,

• values in between: partial truth or uncertainty.

4. Generation with GPT. The OpenAI gpt-4o-mini model is employed as the gener-

ator. Conditioned on both the system prompt and the query (plus retrieved evidence,

when available), the model outputs a JSON object of the form:

{

"truthfulness_score": float,

"explanation": "short reasoning"

}
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5. Pipeline Integration. We implement the above steps using the Haystack framework.

A Retriever searches relevant passages, and a PromptBuilder inserts the query and

passages into the template, under which the OpenAIGenerator produces the score and

explanation. The pipeline can be applied iteratively to a collection of news headlines,

storing both numeric scores and textual justifications.

This design integrates the interpretability of retrieval-based methods with the reasoning ca-

pabilities of large language models, allowing for a continuous-valued measure of truthfulness

accompanied by human-readable explanations.

The results, after controlling for the truthfulness score, are presented below for both the

causal evidence and the demand-side structural model. These outcomes are highly consistent

with the results obtained without this control.

I.2 Casual Effect of Recommendation on Clicks with Control for Truthfulness

To test robustness, we estimate the following specification:

Clicki = α + βReci + γ′Xi + ϵi, (17)

where, in addition to the topic distribution, the control variables Xi also include the truth-

fulness score, complementing the results in Table 3. The results are reported in Table I5.

I.3 Demand-Side Estimation with a Control for Truthfulness

To enhance robustness, we incorporate the truthfulness score into the demand-side model.

Specifically, we model the utility that consumer i derives from news article j in the first

round as:

Uij = βd
i Dij + βr

iRij + βx
i Xij + βf

i Fij + εij, (18)

where Dij and Rij are binary indicators for whether the article leans Democratic or Repub-

lican, Xij is a vector capturing the article’s topic composition, and Fij denotes the article’s

truthfulness score. The error term εij is assumed to follow a Type I extreme-value distribu-

tion.
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Outcome: Click
is Democrat is Republic

(1) (2)

Rec(dem) 1.020∗∗∗

(0.094)

Rec(rep) 1.029∗∗∗

(0.116)

Covariates Yes Yes
Observations 1,062 642

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table I5: Causal Effect of Recommendations on Clicks, Adding Control for Truthfulness

Note: This table provides a robustness check on how the ideological composition of first-round news rec-
ommendations influences users’ initial consumption choices, complementing the results in Table 3. The key
independent variables are the proportions of partisan content in the recommendation slate. Corresponding
outcomes are the indicators of whether the clicked news is Democrat-leaning or Republican-leaning. Columns
1 and 2 report Democrat and Republican subsample respectively. All models control for the truthfulness of
news and the distribution of recommended topics—politics; economy & business; technology; health; science;
sports; entertainment; education; environment; and lifestyle—based on LLM classification.

Applying the same estimation procedure as in Section 4.1, we obtain the updated demand-

side results reported in Table I6.

Parameters Estimate

βr
r 0.232∗∗∗

(0.100)
βd
d 0.386∗∗∗

(0.031)
Note: ∗∗∗p<0.01

Table I6: Demand Side Estimation, Adding Control for Truthfulness

Note: This table reports robustness checks on the parameter estimates from the demand-side models (cf.
Table 6), with robust standard errors in parentheses. βr

r represents the marginal utility gain from a piece of
Republican news for individuals with a republican stance, relative to βr

d. The model also controls for truth-
fulness score and topic-specific possibility variables, which account for various news categories, including
"politics", "economy & business", "technology", "health", "science", "sports", "entertainment", "educa-
tion", "environment", and "lifestyle".
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J Other Summary Statistics

Table J7: Share of Political Stance by Topic

Summary Statistics
% of Republican news

Topic Group (1)

Politics 0.41
Economy & Business 0.77
Technology 0.71
Health 0.47
Science 0.43
Sports 0.73
Entertainment 0.54
Education 0.50
Environment 0.35
Lifestyle 0.52

Total 0.56

Note: This table presents the political slant of news across each topic category. Specifically, we report the
proportion of Republican news of each topic in our full dataset. For example, there are 606,100 news articles
about politics in our dataset, of which 41% are Republican-leaning.
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Figure J3: Distribution of Polarization Change

Note: This figure presents the distribution of individual changes in affective and (ideological) polarization
for Democratic and Republican participants. Changes below –10 or above 10 are binned into the first/last
bars to display outliers. Vertical red lines mark the mean change in each panel.
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Figure J5: Supply Side Estimation for the First 10 Rounds

Note: This figure illustrates the supply-side estimation, modeling the proportion of Republican news as
ait ∼ Beta(αt, βt) for each of the first 10 rounds. For example, in round t = 5, we assume the proportion of
Republican news recommended to individual i follows a Beta distribution with parameters α5 and β5, which
we estimate. The red line represents the estimated αt, and the blue line represents βt. The vertical bars
show bootstrap confidence intervals.
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