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Abstract

Comment sections are a central feature of social media platforms, enabling users to interact
with content and with one another. This paper studies how the presence and stance of comments
influence subsequent user behavior on Facebook. We develop a novel experimental pipeline
that manipulates and randomizes comment visibility and stance using Meta’s built-in A/B
testing infrastructure to estimate their causal impact on engagement. In collaboration with a
leading racial justice organization, we conduct a large-scale field experiment involving over one
million U.S. users randomly assigned to one of four treatment arms: (i) no visible comments
(control), (ii) opposing, (iii) supportive, and (iv) mixed comments displaying both stances. We
find that the presence of a comment section increases engagement. Opposing comments, in
particular, significantly amplify reactions, comments, and link clicks relative to the control,
whereas supportive comments have no effect. Most subsequent comments and reactions are
positive in tone, consistent with reactance as a potential mechanism. Effects are concentrated
among male users and those in conservative areas, suggesting that curiosity may also play a
role. Our results underscore the role of comment moderation, with important implications for
businesses, users, and platforms.
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1 Introduction

In its idealized form, social media has often been described as a digital public square – a space where

people can come together to share information and engage in open dialogue.1 One feature that

facilitates discussions is the comment section. On platforms like Twitter, Facebook, or YouTube,

users can engage not only with content but also with one another, both friends and strangers,

through comments and replies. However, the extent to which social media fulfills the ideal of a

public square remains contested, given challenges such as misinformation, polarization, and hate

speech.2 Nevertheless, the comment section remains a central feature of social media, reflecting

both the potential and the limitations of digital civic engagement.

This paper examines how users interact in social media comment sections and how those inter-

actions shape subsequent behavior. In collaboration with Color of Change, the largest U.S. online

racial justice organization, we ran organic field experiments in which over a million U.S. Facebook

users were randomly assigned to see ads about racial justice. We first document how users engage

with this content and analyze the discussions that emerge in the comment sections. We then lever-

age these organically generated comments to estimate the causal impact of the comment section.

While comment sections are often used as a measure of engagement and studied using observational

data (Huang et al., 2024; He et al., 2025; Moehring, 2024), it is difficult to isolate their effects from

those of the original posts. Posts that attract many comments early on often continue to attract

more engagement – either because of the inherent characteristics of the post itself or because users

are responding to the existing comments. To address this challenge, we build on existing platform

features to design a pipeline that manipulates comment visibility and stance as a novel research in-

strument. Using this pipeline, we provide causal evidence that the stance of pre-existing comments

subsequently influences the behavior of other users.

To collect organic interactions, we presented five post designs as sponsored content to roughly

135,000 Facebook users across 4,095 ZIP codes. These ZIP codes were organized into 30 clusters

stratified by the 2020 Republican vote share: low (< 30%), mixed (45–55%), and high (> 70%).

The posts cover voter suppression, criminal-justice reform, education equity, environmental justice,

and technology fairness, and were co-created by professional designers with guidance from the

nonprofit to align with branding guidelines and encourage authentic user responses (Goh et al.,

2013). Over two weeks, users generated more than 12,000 reactions, roughly 2,500 comments, and

1,750 link clicks.

We distinguish between two modes of user response. Passive engagement captures the rate

of likes and reactions per user reached, while active engagement measures the rate of comments

1See, for example, https://www.nytimes.com/2022/04/26/technology/twitter-elon-musk-free-speech.html,
https://www.washingtonpost.com/politics/2024/02/28/supreme-court-revives-debate-over-social-media-public-square/,
https://apnews.com/article/supreme-court-social-media-florida-texas-dc523bc9a6ef7b0f7b0aa933d0a43cca

2For reviews on these challenges and the broader political and social impacts of social media, see Zhuravskaya
et al. (2020) and Aridor et al. (2024).
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(including both direct replies to the post and replies to other users) per person reached. In addition,

we classify all comments using a large language model along three dimensions: political stance

(supportive vs. opposing), sentiment (positive vs. negative), and offensiveness.

We observed a clear ideological divide: users in conservative areas commented at higher rates

(1.3% of those reached) than users in progressive areas (0.8%), yet they reacted less frequently

(7.9% vs. 10.1%). Comments directed at the organization were overwhelmingly negative in con-

servative areas (78% vs. 56%), more likely to be offensive (73% vs. 35%), and less informative (8%

vs. 16%). These patterns persisted after accounting for exposure frequency and ad creative, indi-

cating that audience ideology strongly shapes not only engagement volume but also the tone and

substance of discourse. Consistent with the literature on gender differences in vocal engagement

(Klinowski, 2023), women were more likely to react than men and far less likely to comment, with

the pronounced ideological differences in commenting driven almost entirely by men.

These findings highlight that engagement is not the same as endorsement: posts can generate

engagement driven largely by negative or opposing comments, especially in ideologically opposed

communities. This supports concerns that comment sections may amplify polarized or extreme

voices rather than reflect the broader audience, effectively creating a micro-echo chamber even

when the post itself is cross-cutting.

Using these organically generated comments, we provide causal evidence on the effect of the

comment section on subsequent user engagement in a field experiment involving over 1 million

Facebook users. We leverage platform features to create a novel pipeline that manipulates the

visibility and stance of the comment section. To isolate the effect of comment stance from that

of the post itself, we re-marketed a subset of posts from the previous phase of the study — each

pre-populated with two organic comments — to roughly one million new users across 1,881 ZIP

codes, combined into 18 clusters spanning the three ideology groups previously identified. Using

Meta’s A/B-testing infrastructure, in each cluster, we randomized participants into four conditions:

(1) no comments (control), (2) supportive comments only, (3) opposing comments only, and (4) a

mixed condition with one supportive and one opposing comment. We measured attention to the

comment section (ad panel expansion), engagement (reactions, user comments, saves), and direct

traffic metrics (link clicks and landing-page views via Facebook Pixel).

We implemented several design choices to address potential concerns. To minimize violations of

the Stable Unit Treatment Value Assumption (SUTVA), a real-time filtering pipeline hid all new

comments, minimizing the influence users exposed to the same post could have on one another. To

isolate the effect of the comment section, we equalized the number of shares and average reactions

across conditions. To limit divergent delivery, we capped exposure at one impression per user and

optimized the campaign for reach, with a budget large enough to saturate the audience (Braun and

Schwartz, 2025). All analyses follow specifications outlined in our pre-analysis plan uploaded on

AEA Registry before the start of the experiment.
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We show that comment sections influence subsequent user engagement: the vocal opinions of

a small, active minority can shape the behavior of a much larger, passive audience. Comparing

the treatment conditions to the control condition in which posts were displayed without any com-

ments, we find that displaying any pre-populated comments modestly increased the likelihood of

users clicking to view the comment section by about 0.05 percentage points on a 0.24% baseline,

with no significant differences between supportive, opposing, or mixed conditions. However, com-

ment stance had pronounced effects on downstream engagement: ads with opposing comments

drove significantly more secondary actions—reactions, saves, and user comments—than those with

supportive comments (p < 0.01). Compared to the no-comment condition, the presence of negative

comments boosted total engagement by approximately 40% (p < 0.05). Link-through rates peaked

under opposing-only comments, rising by 0.033 percentage points above the 0.228% control rate (a

14.5% relative lift, p < 0.01), thereby lowering cost-per-click.

These average effects mask substantial heterogeneity. The impact is much larger for men than

for women, and stronger in conservative than in progressive areas. A plausible mechanism is that

comment sections primarily stimulate curiosity rather than persuasion. Opposing comments do

not convert subsequent users to support the organization, but they increase the perceived utility

of engaging – by making the comment section more interesting, contentious, or entertaining to

explore.

Our study has high ecological validity. First, we examine the effects of comment sections on a

large, diverse population of social media users across a wide range of ZIP codes. Second, users were

unaware they were part of an experiment and interacted with the posts as they naturally would.

Finally, in the second study, we used organic comments, ensuring that the content shown to new

users reflected genuine Facebook user responses rather than researcher-generated or AI-generated

text. Together, these design choices make our findings highly generalizable to real-world online

discourse.

These results have several implications for policy and practice. Recent regulations, such as the

European Union’s Digital Services Act and the United Kingdom’s Online Safety Act, require social

media platforms to manage all user-generated content, including both posts and their comment

sections. Our results reveal a strategic tension for social media platforms in their comment mod-

eration: prioritizing negative, opposing comments may boost on-platform engagement and lower

click costs, but for content producers who post on these platforms, such comments invite negativity

and pose brand-safety risks. For advertisers and campaign managers, our results imply that they

need to calibrate their moderation policies to their objectives. Tolerating opposing comments can

boost engagement and reduce costs, while stricter moderation helps protect brand image and foster

dialogue. For nonprofit organizations, these findings underscore the need for caution when extend-

ing outreach beyond their supporters. Without moderation, their comment sections can quickly

become an echo chamber with opposing comments. Balancing visibility and brand safety requires
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deliberate comment management strategies.

Our paper builds on several strands of literature. First, it is related to the literature on the

economics of social media Zhuravskaya et al. (2020); Aridor et al. (2024). The existing literature

in social media has used the comment section as a data source to study a range of questions (see,

for example, Yang et al. 2019; Moehring 2024). In this literature, comment sections are often used

as a measure of engagement and studied using observational data. However, one open question is

the causal effect of the comment section itself. It is difficult to isolate their effects from those of

the original posts. Posts that receive many early comments often continue to attract engagement,

whether due to the post’s inherent characteristics, amplification by platform recommendation al-

gorithms, or user responses to existing comments. To address this challenge, we build on existing

platform features to design a pipeline that manipulates comment visibility and stance as a novel

research instrument. Using this pipeline, we provide causal evidence that the stance of pre-existing

comments subsequently influences the behavior of other users.

More broadly, our paper builds upon and expands the literature on the drivers of user generated

content (UGC) and its consequences. Existing studies have looked at the drivers of customer

conversation and production of word-of-mouth (e.g., Chen and Berger 2013; Dubois et al. 2016;

Deng et al. 2022), the drivers of engagement with ad content on social media (e.g., Lee et al.

2018), and the impact of customer reviews on demand and business performance (e.g., Chevalier

and Mayzlin 2006; Mayzlin et al. 2014; Xu et al. 2021. Our work specifically examines the role of

individuals’ ideology in shaping the quality and quantity of user generated content on racial justice

posts, and how such conversation will moderate the impact of the posts on other users.

The paper is organized as follows: Section 2 presents the setting of the study, Section 3 describes

the generation and analysis of organic interactions, Section 4 presents causal evidence on the impact

of the comment section, and Section 5 concludes.

2 Study Setting

2.1 Context

One promise of the comment section is its potential to serve as an online public square. In particular,

it facilitates interaction among individuals with differing views who may not have the opportunity

to engage in face-to-face conversations. This could be productive-especially on divisive issues-if

users share their opinions, engage in reasoned debate, and potentially come to better understand

opposing perspectives.

Our study focuses on issues related to racial justice, one of the most divisive issues in the United

States. In 2021, the George Floyd protests sparked a racial reckoning across the country. On social

media, discussions about race and racial justice, such as those with the hashtag #blacklivesmat-

ter, surged in 2020 (Pew Research Center 2020). Yet racial attitudes remain divided in the U.S.
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According to a Pew Research Center survey in 2021, 80% of Democrats or Democratic-leaning

independents say that greater attention to the history of slavery and racism is a good thing, while

only a quarter of Republican or Republican-leaning independents expressed the same view (Pew

Research Center 2021).

Our study provides evidence on how these divisions are reflected in online interactions and

how they shape subsequent behavior. We partner with Color of Change, the largest online racial

justice organization in the United States. As a non-profit, Color of Change uses digital platforms

to mobilize supporter and hold institutions accountable. We designed social media posts in line

with Color of Change’s brand guidelines to ensure the ecological validity of our study.

To reach a large audience, we deliver the posts as sponsored content on Facebook using Meta

Ads Manager. Our design leverages social media advertising for several reasons. First, understand-

ing the role of comment sections on advertisements is inherently important, as social media ads

represent a significant share of the trillion-dollar advertising industry. In 2024, global social media

ad spend exceeded $240 billion, including over $80 billion in the U.S.3 While social media ads are

proven effective, the role of user comments in enhancing or diminishing ad impact remains under-

explored. Comments on ads allow users to share information and opinions, potentially influencing

future viewers, akin to other forms of user-generated content (UGC). Despite significant interest

from firms in leveraging UGC and social influence, there is little empirical evidence on the impact

of social media comments on ad effectiveness. Understanding how these comments influence the

effectiveness of inclusive marketing efforts is vital for brands striving to maintain a positive image

and create meaningful connections with their audiences.

Second, using Facebook advertising allows us to access a large and diverse sample while mini-

mizing experimenter demand effects. Recent work has explored social media ads as a research tool,

as they enable the delivery of content to a broad audience and allow researchers to observe user

behavior in the natural context in which the content is usually encountered.

Third, we develop a novel pipeline for comment section manipulation using existing features in

the Meta Ads Manager. This enables us to manage comment sections across a large number of

posts and systematically collect related data. Because our approach relies solely on tools already

available on the platform, it yields practical insights for social media managers seeking to moderate

and manage comment sections.

2.2 Post Design

To generate the comment sections used in our analysis, we first developed a series of designs

for social media posts. These were created in collaboration with our NGO partner to ensure

contextual relevance and consistency with brand guidelines. We then conducted a pre-test to assess

clarity, engagement potential, and appropriateness. A subset of the highest-performing designs was

3https://datareportal.com/reports/digital-2025-sub-section-global-advertising-trends
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subsequently used to create posts that were advertised to elicit organic comments, which served as

the basis for our main experiment.

2.2.1 Content Creation

To create professional content (ad creatives and copy), we hired four graphic designers, assigning

each to focus on 2–3 key issues. These issues, identified in collaboration with our partner organiza-

tion, Color of Change, included voter suppression, environmental justice, criminal justice and police

reform, education reform, and technology fairness.4 Each designer developed multiple concepts and

taglines for their assigned ads. These were reviewed by the partner organization, which approved,

revised, or rejected the proposals. Approved concepts were then finalized by our designers, adhering

to the branding guidelines of the organization.

Figure A1 in the Online Appendix displays the final graphics (a total of ten, two for each issue)

and their corresponding headlines exactly as they would appear to Facebook users. Each visual is

designed to tell a compelling story about its assigned issue, emphasizing the urgency and importance

of taking action. The content aims to engage users by sparking curiosity and encouraging further

exploration of each topic. The use of bold imagery and compelling design elements is intended to

capture attention while users browse their Facebook feed.

2.2.2 Pre-testing

We pre-tested the banners to identify which ones, within each issue, were most likely to generate a

high number of clicks. This was done using Facebook’s A/B testing tool across all 10 banners. For

the test, we specified the audience (ZIP codes with a high share of progressive populations), budget

($50 per banner), duration (1 week), and optimization goal (reach), without imposing a frequency

cap. The click-through rates (CTRs) for this test (Pre-test A)—as measured by the ratio Link

Clicks/Reach—are displayed in Table A1. These vary between 0.12% to 0.25%. For each issue, the

banners with higher CTR are displayed on the right in Figure A1.

We conducted two additional tests, Pre-tests B and C, where we capped the frequency at one

impression per person. Test B was conducted with a large potential audience (approximately

200,000 users per banner), while Test C targeted a smaller audience (approximately 6,000 users

per banner). These adjustments were made to simulate a campaign that closely resembles the one

planned for our main experiment.

Table A2 presents the aggregate results for Pre-tests B and C.5 Notably, the CTRs for Pre-

tests B and C are significantly lower than those reported for Pre-test A. This discrepancy arises

because Pre-test A did not impose a frequency cap, allowing users to see each banner an average

4The Online Appendix provides a detailed description of these issues.
5The issue on education was excluded from these tests due to its low performance in Pre-test A and budgetary

considerations.
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of two times and thereby increasing the likelihood of clicks. By contrast, Pre-tests B and C adopt

a configuration similar to that used in the main experiment, in which we saturate small audiences

by imposing a frequency cap of one impression per user. While this approach may result in lower

CTRs, it is essential to mitigate potential divergent delivery bias in Facebook A/B tests caused by

the ad platform’s algorithm (Burtch et al., 2025), as further discussed in Section 4.1.

2.3 Facebook Audience Selection

We reach Facebook users via sponsored content. A key advantage of social media advertising is

that it enables both broad distribution and precise control over audience targeting.

To examine how responses vary by audience characteristics, we use ZIP codes to target ads

to different geographic and ideological groups. We group similar ZIP codes into strata based on

observable characteristics, allowing us to compare outcomes across different types of communities

while maintaining experimental control. The ZIP code characteristics were collected from several

sources:

• Meta Audience Estimates: We use information on audience size provided by Meta, which

reports the estimated number of Accounts Center users advertisers could potentially reach

over a given period.6 This data was collected through the Marketing API for each ZIP code

on October 15, 2024.

• Voting Behavior: To proxy political preferences and ideology at the ZIP code level, we rely

on the 2020 voting results. These come at the precinct level and were obtained from The

Upshot.7 We assigned each precinct to its nearest ZIP code according to Euclidean distance of

the centroids using GIS software, and then aggregated voting information across all precincts

matched with the same ZIP code.

• Population and Racial Composition: We use 2020 Census data to obtain information on

the total and Black populations in each ZIP code and compute the share of Black residents.8

We categorize ZIP codes into three ideology groups based on the Republican vote share: Blue

(Republican vote below 30%), Swing (between 45% and 55%), and Red (above 70%). Each ideology

group was further divided into two subgroups based on racial composition (low and high share of

Black population relative to the group median). Hence, a total of six ideology-race categories were

created. Each ZIP code is used only once during our experiments, ensuring that audiences are

exposed to the content in a single, well-defined condition.

6https://www.facebook.com/business/help/1665333080167380?id=176276233019487
7https://github.com/TheUpshot/presidential-precinct-map-2020
8https://www.census.gov/cgi-bin/geo/shapefiles/index.php?year=2020&layergroup=ZIP+Code+

Tabulation+Areas
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2.4 Pre-Analysis Plan

The pre-analysis plan specified the intervention, the content creation process, estimating equations,

moderators, and variable construction. The analysis follows the plan.

3 Generation and Analysis of Organic Engagement

To analyze the impact of comment sections, we begin with a large-scale social media campaign

designed to elicit organic engagement with posts about racial justice. This initial phase generates

user comment and reactions in a naturalistic setting, and provides direct evidence on how individ-

uals engage with divisive content across audience types and topics. These organically generated

engagement forms the basis for subsequent experimental manipulation.

Generating organic engagement is an important feature of our design for several reasons. First,

organically generated comments reflect genuine, naturalistic user behavior, which is crucial for

ensuring external validity. Unlike researcher- or AI-generated content, organic comments capture

the authentic language, tone, and perspectives that users produce and encounter on social media.

Second, these comments are themselves substantively important to study. By targeting specific au-

diences through Facebook’s ad infrastructure, we can link engagement patterns to detailed audience

characteristics – such as demographics and ZIP code–level ideology –providing richer insights than

are typically available. Third, using organic comments enhances the ethical integrity of the exper-

iment, as users interact with content created by other real users rather than being unknowingly

exposed to artificially constructed narratives.

3.1 Methodology

We ran a Facebook ad campaign featuring five banners—one for each issue area—that had achieved

the highest click-through rates (CTR) in pre-tests. Each banner promoted content related to racial

justice, covering topics in education, environmental justice, policing and criminal justice reform,

technology fairness, and voting rights. The campaign was optimized to maximize engagement

with the posts—showing ads to users most likely to react, comment, or share—in order to collect

authentic interactions that reflected spontaneous responses to socially divisive content.

To examine variation in engagement across audiences and ad characteristics, we created 30

distinct audience strata. Each stratum consisted of sets of ZIP codes randomly sampled and

grouped by ideological similarity and racial composition, with an estimated Facebook audience size

of about 800,000 users on average.9 The 30 strata corresponded to six combinations of political

ideology (conservative, moderate, and liberal) and racial composition (high or low share of Black

residents), with five independent strata constructed for each combination (e.g., conservative areas

9We excluded ZIP codes used in pre-tests.

9



with a low Black population share). Within each stratum, we used Facebook’s native A/B testing

tool to randomly allocate users to be potentially exposed to one of the five issue banners. In total,

the campaign included 150 posts (30 strata × 5 topics), reaching approximately 131,000 individuals

and generating 12,000 reactions, 1,750 unique link clicks, 1,500 direct comments,10 and 650 shares.

The randomization from A/B testing enables comparisons of engagement patterns across topics

while holding audience composition constant. The resulting data allow us to characterize the

intensity and nature of organic engagement and to identify patterns of interaction by political

ideology and demographic composition. However, we do not interpret potential differences as causal

effects of content. Although audiences are randomly assigned to potential exposure, actual exposure

is determined by Facebook’s ad-delivery algorithm, which endogenously allocates impressions based

on predicted engagement probabilities Braun and Schwartz (2025). As a result, the observed

engagement patterns reflect the joint influence of both content characteristics and algorithmic

delivery.

Our analysis primarily focuses on engagement outcomes that are visible to other users, including

comments and reactions. First, we compare overall engagement rates (expressed as a percentage of

total reach) across ideological groups and genders, computing confidence intervals using standard

errors clustered at the advertisement level (150 posts). Second, we assess the valence of these

interactions. For reactions, we classify likes, hearts, and cares as supportive of the posts.11 For

comments, we use GPT–4 to categorize their valence. Finally, we examine additional textual

dimensions that characterize comment tone and stance, including sentiment, offensiveness, and

toxicity.

3.2 Engagement Rates

The results in Figure 1 reveal distinct patterns in how users engage with racial justice content across

ideological contexts. When considering all interactions irrespective of their valence, comment rates

increase substantially from liberal to conservative areas, rising from about 0.8 percent of reach in

Blue ZIP codes to 1.3 percent in Red ones (p < 0.01). Reaction rates, by contrast, follow the

opposite pattern, declining from roughly 10 percent in Blue areas to 7.5 percent in Red areas

(p < 0.01). These differences indicate that users in more conservative areas are less likely to engage

through quick, low-effort reactions but more likely to participate vocally by commenting on posts.

In liberal areas, engagement occurs primarily through reactions, suggesting a more passive and

silent mode of interaction.

When focusing on supportive engagement—defined as reactions or comments expressing agree-

ment or approval—the ideological gradient is notably flatter for comments. Supportive comments

10Direct comments are those directed at the Facebook page/post itself, as opposed to replies to other users’
comments.

11Other reaction types, such as laugh, wow, sad, and angry, are context-dependent and therefore harder to interpret;
we focus on those that most reliably convey positive engagement.
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Figure 1: Comment and Reaction Rates by Ideology

0.4

0.8

1.2

1.6

BLUE SWING RED

C
om

m
en

t R
at

e 
(%

)
(a) Comments

All: p(BLUE vs SWING)=0.011 | p(BLUE vs RED)=0.003 | p(SWING vs RED)=0.454
Supportive: p(BLUE vs SWING)=0.891 | p(BLUE vs RED)=0.264 | p(SWING vs RED)=0.236

5

6

7

8

9

10

11

BLUE SWING RED

R
ea

ct
io

n 
R

at
e 

(%
)

(b) Reactions

All: p(BLUE vs SWING)=0.674 | p(BLUE vs RED)=0.009 | p(SWING vs RED)=0.045
Supportive: p(BLUE vs SWING)=0.491 | p(BLUE vs RED)=0.001 | p(SWING vs RED)=0.020

All Supportive

Notes: Vertical lines represent 95% confidence intervals; Standard errors are cluster−robust at the Ad level; 
BLUE = Rep share <30%;  SWING = Rep share [45,55]; RED = Rep share >70%; Total observations: 134,712

remain consistently low across areas, ranging around 0.3 percent of reach, with no statistically

significant differences between Blue, Swing, and Red ZIP codes (p > 0.20). In contrast, supportive

reactions decline significantly from roughly 9.5 percent in Blue areas to about 7 percent in Red

areas (p < 0.01), mirroring the overall reaction pattern. This suggests that while the overall vol-

ume of vocal participation (comments) rises in conservative areas, supportive responses remains

relatively small and stable. Taken together, these results imply that ideological context shapes not

only the intensity but also the type of engagement: audiences in liberal areas interact more through

lightweight reactions, whereas those in conservative areas engage more vocally, most often using

comments to express or debate opposing views.

We then compare engagement patterns by gender. Figure 2 reports comment and reaction rates

for female and male users, with all rates expressed as a share of total reach. Men are substantially

more likely to comment on posts than women: the average comment rate among men is more

than three times higher, at about 1.8 percent of reach compared to 0.5 percent among women.

By contrast, reaction rates are about one and a half times higher among women, averaging 10.4

percent of reach compared to 7.1 percent among men. These differences are statistically significant

and highlight a clear gender divide in the mode of engagement. Women are more likely to engage

silently through quick, low-effort reactions, whereas men engage more vocally by commenting on

posts. Moreover, since the previous analysis shows that most comments express disagreement

11



Figure 2: Comment and Reaction Rates by Gender
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with the posts, while most reactions are supportive, these gender differences suggest that men

are more likely to express criticism through comments, whereas women are more likely to signal

support through reactions. This pattern is consistent with well-documented gender differences

in opinion expression, where men are disproportionately represented among those who criticize

scientific manuscripts and presentations (Klinowski, 2023; Handlan and Sheng, 2023), and women

tend to produce more favorable reviews than men (Bayerl et al., 2024). Our results show that

even in online settings – where users are anonymous or interacting with strangers, and social or

reputational costs are low – women are still significantly less likely to voice dissenting opinions.

3.3 Composition of the Comment Section

Figure 3 shows how the composition of comments varies across ideological contexts, with all rates

expressed as a share of total comments. Comments originating from conservative areas are sub-

stantially more likely to express a conservative stance and a negative sentiment. The share of

conservative-leaning comments rises from about 55 percent in Blue ZIP codes to roughly 75 per-

cent in Red areas (Panel (a), p < 0.01), while the share of comments with negative sentiment

increases from around 56 percent to nearly 80 percent (Panel (b), p < 0.01). Panel (c) shows that

the prevalence of offensive language increases from roughly 35 percent in Blue areas to almost 50

percent in Swing and Red areas, with a statistically significant difference relative to Blue areas

(p < 0.01). Finally, Panel (d) indicates that the share of informative comments—those providing

factual content or elaboration—remains relatively low, between 7.5 and 11 percent on average,
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Figure 3: Comments Characteristics by Ideology

with no statistically significant differences across contexts (p > 0.10). Taken together, these results

suggest that conversations in conservative areas are more likely to adopt a critical or oppositional

tone and to align with conservative viewpoints, but they are not necessarily less informative. In

contrast, discussions in liberal areas feature a smaller share of ideologically charged and negative

comments, suggesting a comparatively more neutral discussion environment.

4 The Causal Impact of the Comment Section

In this section, we provide novel causal evidence on the effect of the comment section. Specifi-

cally, we study how the presence and stance of a comment section influence the subsequent users’

engagement with the content.
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4.1 Design

We manipulate the comments that participants see below our ads in a new ad campaign, using

Meta A/B testing tool and an automated pipeline that hides new comments from users.

We investigate how exposure to the comment section and the different narratives expressed in

the comment section of a post (collected in the ad campaign described above) affects individu-

als’ subsequent engagement with that post (comments/views), as well as their intentions (clicks).

We are interested in the average treatment effect, as well as in the heterogeneous effects across

individuals in different audience groups.

4.1.1 Intervention Design

To select and stratify audience types, we follow a similar approach as the one described in Section

3. We exclude ZIP codes used in the generation part, and create 18 audience strata, three for each

ideology/race combination.

Within each audience group, we use A/B testing to randomly split its population into four

conditions: no visible comments (No Comments), visible comments that include both opposing and

supportive comments (Mixed), opposing comments only (Opposing), and supportive comments only

(Supportive). Figure 4 provides an example of what the users can see, depending on the random

assignment for their audience group.

Figure 4: Experimental Arms

(a) No Comments (b) Supportive (c) Mixed (d) Opposing

To preserve the internal validity of the study, we adopt several additional precautionary mea-

sures. First, all new comments posted by the users were automatically hidden from other users
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using an automatic pipeline.12 This ensures that the No Comment condition displays no comments.

In addition, it minimizes interactions between users who are exposed to the same post, and help

address potential SUTVA violations arising from the social nature of the comment section. Second,

to keep posts in treatment conditions similar in terms of total number of comments, the research

team regularly monitor the comment section across posts, and add additional comments (which

are immediately hidden), so the number of comments –i.e., the total count displayed to the users–

stays similar across conditions. Third, to ensure comparability within each ZIP code, we set up

the A/B testing so reach and frequency of the ads are constant across conditions. Specifically, in

each condition, we max out spend while setting a frequency cap, so that most users are exposed

to the ad exactly once. To minimize interference of the Meta ad delivery algorithm, we set the

campaign objective to maximize reach (instead of engagement or traffic) and try to show ads to as

many people as possible in the ZIP code. These precautionary measures, along with the fact that

the post content is the same across conditions, allow us to isolate the effect of the comment section.

4.1.2 Topic Selection

From the five topics used in the comment generation phase, we selected one topic-environmental

justice-to focus on in order to maximize statistical power. This topic was chosen because it ranks

near the middle in terms of overall engagement in the first phase, ensuring sufficient variation in

user responses without being dominated by extreme levels of attention or controversy. In addition,

the topic remained timely and relevant at the time of the experiment.

4.1.3 Post Selection

We show a subset of posts from the comment generation phase with existing interactions to new

audience groups.

To select the posts to use for the treatment conditions, we identify triplets of posts in the

following procedure. As part of the analysis in Section 3, comments are classified using a 5-point

scale for political ideology: Strongly progressive or left-leaning, Slightly or moderately progressive,

Centrist/unclear or no explicit stance, Slightly or moderately conservative, or Strongly conservative

or right-leaning. In general, comments that support the original post or express pro-racial justice

views are classified as progressive, while those that oppose the post or its message are classified

as more conservative. To select posts for the Mixed, Opposing, and Supportive Comments condi-

tions, we focus on posts that have at least two supportive and two opposing direct comments (i.e.,

comments that are directly responding to the post, rather than comments that reply to another

comment). For each triplet of posts that have similar number of reactions, we assign them into the

12The commenter will not know that their comment has been hidden; the comment remains visible to the commenter
as well as to the researcher.
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Mixed Comments, Opposing Comments, or the Supportive Comments condition.13

For the No Comment condition, we select posts that are not used in any other conditions and

have a number of reactions similar to the average number of reactions in each triplet group. We

then delete all comments on these posts, ensuring that the post has zero or a very small number of

comments when it is first delivered to the audience in the main experiment.

4.1.4 Comment Selection

To select comments for the Opposing or Supportive Comments conditions, we choose two comments

that align with the corresponding ideology. For the Mixed Comments condition, we select one

opposing comments and one supportive comments. These selected comments remain visible to the

audiences of the main experiment, while all other direct comments are hidden.

To better isolate the effect of the number of comments versus the narrative of the comments on

outcomes, we manipulate the number of comments in the posts displayed to audience groups. In the

No Comment condition, we delete as many comments as possible so that the comment counter is

much smaller than the counter in treatment conditions.14 In the triplet of posts used for treatment

conditions, we equalize the number of comments across each condition by adding and/or deleting

comments.

4.1.5 SUTVA Violations

A potential threat to the internal validity of social media experiments is the violation of the Stable

Unit Treatment Value Assumption (SUTVA). This concern is particularly relevant to our research

question, given the inherently social nature of comment sections. New comments posted by users

could influence the perceptions or behaviors of other users, thereby confounding the treatment

effects. For example, a new comment supportive of racial justice posted in the Opposing condition

would alter the intended composition of the comment section.

To address this concern, we implemented a real-time, automated comment-hiding pipeline that

immediately hides any new user comments from other users once they are posted. This design

preserves the integrity of the original experimental condition and minimizes potential spillovers

among users exposed to the same post, thereby mitigating possible SUTVA violations resulting

from social interactions within the comment section.

13In addition, we equalize the number of shares across posts by sharing them ourselves.
14Some comments, such as those violating Facebook policy, are not visible to the research team and therefore

cannot be deleted. As a result, for some comment sections, it may not be possible to reduce the comment counter to
zero.
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4.1.6 Divergent delivery

Field experimentation in online display advertising presents several challenges to causal inference

(Johnson 2023). In particular, even within A/B tests, advertising platforms’ algorithms may opti-

mize campaign delivery over time for predicted user–ad relevance. As a result, different users can

be targeted across experimental conditions, generating algorithmic selection bias over time (Ali et

al. 2019; Braun and Schwartz 2024). This threat to internal validity - the divergent delivery bias

– poses a key concern when the goal is to identify the causal effect of specific ad features, rather

than the joint effect of algorithmic delivery and ad features.

To ensure that our estimates reflect the causal effect of the comment section on behavior, rather

than the effect of the comment section and platform delivery, we take several steps to minimize the

risk of divergent delivery. First, we cap exposure at one impression per user. Second, we optimize

the campaign for reach. Third, we set a budget large enough to saturate the predefined audience.

These design features minimize differences in ad delivery across conditions based on engagement

signals (Braun and Schwartz, 2025). Consequently, any observed differences across conditions can

be more confidently interpreted as the causal effect of the comment section on user behavior, rather

than as artifacts of algorithmic delivery dynamics.

4.2 Data

Our data come from two sources. First, we obtain engagement metrics from the Meta Ads Manager

dashboard,15 which reports daily outcomes for each advertisement disaggregated by gender and age

group. Second, we collect the full text and timestamps of all user-generated comments directly from

the corresponding Facebook posts.

4.2.1 Outcomes

We analyze a set of engagement outcomes that capture both on-platform activity and off-platform

behavior. All measures are expressed in unique terms, meaning that each user is counted at most

once per outcome. Specifically, we focus on the following metrics:

• Reach, defined as the number of distinct users who were shown the ad at least once;

• All engagement with the post, capturing any form of user interaction with the ad;

• Post expansions, measuring whether users expanded the ad panel to view the comment

section. This is the only outcome not directly available from the Meta Ads Manager interface.

We construct this metric from other measures provided by Meta.16

15https://www.facebook.com/business/tools/ads-manager
16We compute Unique Post Expansions as

Unique Post Expansions = Unique Clicks All−Unique Page Engagement.
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• Interactions, defined as the sum of unique reactions (likes and other emotive responses),

comments, and shares (reposting);

• Link clicks, indicating users’ intent to learn more about the campaign by clicking on the

external link;

• Landing-page views, recorded via the Facebook Pixel, capturing off-platform engagement

with the organization’s website.

Unless otherwise specified, we report the engagement rates computed as the ratio of each out-

come to total reach.

In addition to these behavioral outcomes, we collect the full text and timestamps of all user-

generated comments. This allows us to examine not only the volume but also the stance of user

discourse. We use a large language model (GPT-4) to classify each comment into categories of

supportive or non-supportive toward the organization’s message, based on its semantic content and

sentiment. Analogously, we categorize user reactions according to their valence: “likes,” “loves,”

and “cares” are coded as supportive, while other reaction types (such as “angry,” “sad,” or “wow”)

are coded as neutral or not supportive. These additional measures allow us to quantify how pre-

existing comment narratives shape the tone and direction of subsequent engagement, thereby linking

the stance of visible comments to the ideological composition and sentiment of later user responses.

4.2.2 Sample Characteristics

Table 1 reports descriptive statistics for the sample used in the main experiment. The final dataset

comprises 1,054,015 unique users across all experimental conditions. Treatment assignment is well

balanced across arms, with roughly one quarter of individuals allocated to each of the four conditions

(control, supportive, mixed, and opposing comments).

Engagement outcomes exhibit substantial heterogeneity in magnitude and dispersion, reflecting

the skewed nature of user activity on social media platforms. On average, 0.54 percent of reached

users engaged with the post in any form, 0.27 percent expanded the ad panel to view the comment

section, and 0.24 percent clicked on the external link. Interaction rates—comprising reactions,

comments, and shares—averaged 0.02 percent of reach, while 0.18 percent of users visited the

organization’s landing page.

The demographic composition of the reached audience mirrors the U.S. Facebook user base.

Approximately 52 percent of reached users were male and 48 percent female. The age distribution

The Unique Clicks All metric aggregates all unique user clicks on an ad, including link clicks, profile clicks, reactions,
comments, shares, saves, and other interactions. Unique Page Engagement is defined as the sum of all identifiable
interactions with the post or the advertiser’s page (link clicks, reactions, comments, shares, saves, and profile clicks).
The residual therefore isolates users who expanded the ad container, serving as a proxy for interest in the comment
section.
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is centered on individuals aged 25–44, who account for over half of the total, while younger (18–24)

and older (65+) users constitute smaller shares. Overall, these statistics confirm that our ads

reached a demographically diverse sample representative of the platform’s active user population.

Table 1: Summary statistics

Variable name Mean (%) St. Dev.

Treatment assignment
Arm: Control (no comments) 25.019 43.312
Arm: Supportive 24.881 43.232
Arm: Mixed 24.971 43.284
Arm: Opposing 25.129 43.376

Main Outcomes
All engagement 0.535 7.292
Post expansions 0.271 5.203
Interactions 0.022 1.487
Link clicks 0.240 4.889
Page views 0.183 4.276

Demographics
Gender: females 47.672 49.946
Gender: males 52.328 49.946

Age: 18-24 8.692 28.172
Age: 25-34 30.165 45.897
Age: 35-44 27.158 44.478
Age: 45-54 16.262 36.902
Age: 55-64 10.241 30.319
Age: 65+ 7.482 26.309

Observations: 1,054,015

Notes: Values are expressed as percentages relative to reach.

4.2.3 Balance Checks

Table 2 reports covariate balance across the four experimental conditions. The sample comprises ap-

proximately 1.05 million individuals, evenly distributed across treatment arms, with about 263,000

users per group. We examine three observable individual-level characteristics: gender, middle-age

status (ages 35–64), and senior status (ages 65 and above). Mean values and standard deviations

are shown by group, and pairwise differences with the control arm are tested using two-sample

t-tests with standard errors clustered at the advertisement level (see Section 4.3 for details).

Across all covariates, differences between treatment and control groups are small in magnitude

and statistically insignificant. The p-values from the corresponding tests uniformly exceed conven-

tional significance thresholds, indicating that random assignment produced well-balanced groups

across key demographic dimensions. This balance supports the internal validity of the experimental

design and suggest that any subsequent differences in engagement outcomes can be attributed to
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Table 2: Balance Checks: Individual-level Covariates

Group Mean / (SD) t–test p–value

Variable (1) Control (2) Supportive (3) Mixed (4) Opposing (1)–(2) (1)–(3) (1)–(4)

Male
0.522
(0.500)

0.522
(0.500)

0.524
(0.499)

0.525
(0.499)

0.983 0.899 0.878

Middle Aged (35-64)
0.538
(0.499)

0.536
(0.499)

0.537
(0.499)

0.535
(0.499)

0.868 0.944 0.813

Senior (65+)
0.074
(0.262)

0.076
(0.266)

0.075
(0.263)

0.074
(0.262)

0.736 0.938 0.973

Observations 263,706 262,246 263,197 264,866

Notes: Each observation is a user. Standard errors in the t-tests are clustered at the advertisement level (72 ads).

the randomized variation in comment visibility and stance, rather than to pre-existing differences

in audience composition.

Table 3 reports balance checks for ad-level cost and performance metrics across the four experi-

mental conditions. Each observation corresponds to one advertisement, for a total of 72 ads evenly

distributed across treatment arms. We compare total spend, cost per mille (CPM), frequency,

reach, and spend per user to verify that Meta’s delivery algorithm exposed ads in each treatment

arm to comparable audience sizes and costs.

Mean values are virtually identical across groups, and none of the pairwise differences relative

to the control group are statistically significant. Total spend per ad averages approximately $150,
with CPMs around $9.6 and mean reach near 14,600 users. The estimated p-values for all tests are

well above conventional significance thresholds, confirming that the experimental conditions were

implemented under comparable delivery and budget parameters. These results indicate that Meta’s

optimization algorithm did not differentially allocate impressions or spending across treatment

arms, reinforcing the internal validity of our causal design.

The frequency and reach metrics further support the correct implementation of the experimental

design. Our objective was to saturate audiences such that each individual would be reached at

most once. The observed average frequency of approximately 1.11, combined with an upper-bound

estimated audience size of about 13,750 users per ad, is consistent with near-complete audience

saturation and balanced delivery across conditions.

4.3 Empirical Strategy

We examine how the presence and stance of the comment section affect subsequent user engagement

with a social media post. The experiment randomizes the narrative framing of the post’s comment

section across 18 predefined audience strata, defined as sets of ZIP codes grouped by ideological
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Table 3: Balance Checks: Ad-level Delivery Metrics

Group Mean / (SD) t–test p–value

Variable (1) Control (2) Supportive (3) Mixed (4) Opposing (1)–(2) (1)–(3) (1)–(4)

Total Spend
150.763
(1.028)

150.276
(1.202)

150.395
(0.722)

150.542
(1.078)

0.196 0.218 0.531

CPM
9.594
(2.130)

9.639
(2.075)

9.626
(2.065)

9.548
(2.046)

0.949 0.964 0.947

Frequency
1.123
(0.026)

1.118
(0.020)

1.116
(0.023)

1.118
(0.023)

0.502 0.356 0.520

Reach
14650.333
(3234.248)

14569.222
(3150.366)

14622.056
(3136.580)

14714.778
(3103.458)

0.939 0.979 0.952

Spend per User
0.011
(0.003)

0.011
(0.002)

0.011
(0.002)

0.011
(0.002)

0.994 0.952 0.894

Observations 18 18 18 18

Notes: Each observation is an ad. Standard errors in the t-tests are heteroskedasticity-robust.

similarity. Within each stratum, individuals are randomly assigned to one of four ads, corresponding

to the treatment conditions: No Comments (control), Opposing, Supportive, and Mixed.

At the aggregate level, we observe the outcomes of 72 ads—one for each combination of audience

stratum z ∈ {1, . . . , 18} and treatment condition k ∈ {No Comments,Opposing, Supportive,Mixed}.
Each ad corresponds to a social media post delivered to a specific audience stratum under a specific

treatment condition. For each ad, we record the total number of unique individuals reached and

the total number who engaged in a given action (e.g., clicking the link or reacting to the post).

These outcomes are further disaggregated by day, gender, and age group. In the main analysis, we

aggregate the data across days so that each observation reflects the full duration of the campaign.

To analyze treatment effects at the individual level, we construct a synthetic dataset in which

each observation represents one individual exposure to an ad. Let pkz denote the observed proportion

of individuals in stratum z assigned to treatment condition k who took the action. We model the

individual-level outcome Yiz as a realization of a Bernoulli random variable:

Yiz ∼ Ber(pkz),

where individual i is assigned to treatment condition k within stratum z. For the purpose of

generating this synthetic microdata, we assume that individual observations are independently

and identically distributed within each (k, z) cell, with mean pkz . This assumption is justified by

the random assignment of individuals to treatment conditions within each stratum. The synthetic

sampling approach enables estimation of treatment effects using individual-level regressions, despite

the availability of only aggregate data (Eckles et al., 2017; Gordon et al., 2019).
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We estimate the following linear probability model via ordinary least squares:

Yiz = α+ βkT
k
i +X ′

izγ + δz + εiz, (1)

where Yiz is the simulated outcome of individual i in stratum z; T k
i is a binary indicator equal to

one if individual i is assigned to treatment condition k; Xiz is a vector of individual-level covariates

including age and gender; δz denotes stratum fixed effects; and εiz is an individual-level error

term. The set of treatment conditions is defined as k ∈ {Opposing, Supportive,Mixed}, with the

No Comments condition omitted and serving as the reference category. The coefficients βk thus

capture the causal effect of each comment framing relative to the control.

For inference, we cluster standard errors at the stratum–treatment level, corresponding to the

72 unique ads in the experiment. While the assumption that observations are independently and

identically distributed within each (z, k) cell is required to simulate individual-level outcomes, it is

not required for valid inference. Clustering is critical in our context because all individuals in a given

stratum–treatment cell are exposed to the exact same ad content—including the same comment

framing—potentially inducing correlation in their responses. By clustering at the (z, k) level, we

allow for arbitrary dependence in outcomes within each treatment cell and ensure conservative

inference even in the presence of correlated behavior among individuals who viewed the same ad.

We also examine heterogeneous treatment effects across key subgroups of interest. Specifically,

we explore differential responses by gender and age, as well as across audience strata defined by

prevailing political ideology. To estimate subgroup-specific effects, we re-estimate regression (1)

separately within each subgroup. This approach allows us to assess whether individuals respond

differently to the narrative framings depending on their demographic characteristics or the ide-

ological orientation of the area in which they reside. All models are estimated using the same

linear probability specification as in the main analysis, and standard errors are clustered at the

stratum–treatment level.

The only exception concerns the analysis of the valence of subsequent interactions. Because the

stance of comments and the types of reactions are not available from the Meta Ads Manager but

are instead retrieved directly from the posts, we cannot assign these outcomes to a specific stratum

(z) or include user-level controls. Consequently, the model specification and level of clustering for

these outcomes differ slightly from those used in the main analysis. Further details are reported in

the corresponding result tables.

As a robustness check, we verify that our results are not sensitive to the choice of the linear

probability model by re-estimating treatment effects using a logistic regression specification. In

addition, we present model-free evidence by directly comparing mean outcomes Y across individuals

assigned to the four experimental conditions, without relying on the simulated individual-level

observations. In this case, statistical significance of the differences across groups is assessed using
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a χ2 test for equality of proportions with continuity correction (Yates, 1934). This nonparametric

approach provides a transparent benchmark for evaluating the magnitude and direction of treatment

effects without imposing functional form assumptions.

4.4 Results

4.4.1 Main Results

We present estimates of the causal impact of the comment section on user engagement, obtained

from the linear probability model described above, with standard errors clustered at the advertise-

ment level. To aid interpretation, effects are reported in percentage points (pp) and as percent

changes relative to the baseline mean in the No Comments condition. Figure 5 presents results for

overall engagement, while Figure 6 summarizes the effects on post expansions, interactions, link

clicks, and landing-page views. Full regression tables are reported in the Appendix Tables A3 and

A4.

All Engagement. Figure 5 shows that displaying any comments increases total engagement

by 0.065 pp (p < 0.01), corresponding to a 13.4 percent increase relative to the control mean of

0.485 percent. By stance, Opposing comments generate the largest increase (0.087 pp, p < 0.01;

17.9 percent), followed by Mixed (0.062 pp, p < 0.01; 12.8 percent) and Supportive (0.047 pp,

p < 0.01; 9.7 percent). The difference between Opposing and Supportive comments is statistically

significant at the 10 percent level (p = 0.059) and sizable, as the effect of Opposing comments is

nearly twice as large. The results indicate that not only does the presence of comments matter for

subsequent engagement, but also their stance. In particular, critical or contentious remarks draw

substantially more overall engagement than supportive ones, suggesting that negative commentary

tends to amplify user activity around divisive content. We next examine which specific actions

drive this pattern.

Post Expansions. Figure 6(a) shows that any comments increase the probability that users

expand the ad panel to view the comment section by 0.046 pp (p < 0.01), corresponding to a

19.4 percent increase over the baseline mean of 0.237 percent. All three stance conditions produce

similar effects—Opposing (0.044 pp, p < 0.01), Mixed (0.047 pp, p < 0.01), and Supportive (0.048

pp, p < 0.01)—and none of the pairwise differences are significant (p > 0.80). This pattern is

consistent with expectations: users can only observe the stance of the comments after expanding the

post, so the decision to view the comment section should not differ systematically across comment

types.

Interactions. Figure 6(b) indicates that the pooled “any comments” effect on reactions, com-

ments, and shares is small and statistically insignificant (0.003 pp). However, stance-specific esti-
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Figure 5: The Impact of the Comment Section on All Subsequent Engagement
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mates reveal that Opposing comments substantially increase interactions by 0.009 pp (p < 0.05),

a 45 percent rise relative to the control mean of 0.020 percent. Mixed comments have a mod-

est, insignificant effect (0.002 pp), while Supportive comments slightly reduce interactions (−0.003

pp, not significant). Differences between Opposing and Supportive conditions are highly signifi-

cant (p = 0.002 < 0.01), whereas differences involving the Mixed condition are smaller and only

marginally significant (p ≈ 0.09). This pattern suggests that antagonistic or contentious comments

elicit greater visible participation from subsequent users.

Link Clicks. Figure 6(c) shows that the presence of any comments raises the probability of

clicking on the external link by 0.016 pp (p < 0.05), representing a 7.0 percent increase over the

baseline mean of 0.228 percent. Opposing comments again produce the largest effect (0.034 pp,

p < 0.01; 14.9 percent), while Mixed (0.012 pp) and Supportive (0.003 pp) are smaller and not

significant. The difference between Opposing and Supportive comments is statistically significant

(p = 0.008 < 0.01), whereas contrasts involving the Mixed condition are not (p > 0.10). Hence,

negative comments are particularly effective in driving click-through engagement.

Landing-Page Views. Figure 6(d) suggests that the presence of any comments increases off-

platform engagement by 0.016 pp (p < 0.10), corresponding to a 9.4 percent gain relative to the

control mean of 0.171 percent. Opposing comments yield the largest increase (0.019 pp, p < 0.10;

11.1 percent), followed by Mixed (0.017 pp) and Supportive (0.011 pp), both not significant. How-

ever, differences across stances are small and statistically indistinguishable (p > 0.50), indicating
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Figure 6: The Impact of the Comment Section on Selected Outcomes (as % of total reach)
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(b) Interactions (reactions, comments, shares)
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(c) Link Clicks
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(d) Landing-page Views
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that while comments modestly enhance downstream engagement, their stance might have a limited

influence on conversions beyond the on-platform engagement.

Discussion. Across all outcomes, the presence of a comment section modestly raises user engage-

ment, both on- and off-platform. However, the overall increase is largely driven by higher attention

to the post itself—as reflected in post expansions—which does not vary with the stance of existing

comments. By contrast, comment stance shapes the nature of subsequent engagement. Opposing

comments consistently generate higher rates of interactions and link clicks, while Supportive com-

ments do not significantly outperform the control, and differences between Mixed and Supportive

tones are generally negligible. Taken together, the results indicate that negative or contentious dis-

course amplifies participation and interest more effectively than positive reinforcement, highlighting
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a potential engagement–polarization trade-off in online comment sections.

4.4.2 Valence of Subsequent Interactions

We next examine how the stance of the comment section affects the tone of subsequent engagement.

Specifically, we compare the effects on all interactions—the total number of user reactions, com-

ments, and shares—with those on supportive interactions, which include positive reactions (likes,

loves, cares) and comments expressing agreement with the organization’s message. Because certain

reaction types (such as laugh or wow) are ambiguous in tone, we interpret results for non-supportive

or neutral interactions with caution and report them in Appendix Table A6 for completeness. The

estimates are obtained from a parsimonious specification using data retrieved directly from the

posts, without user-level covariates, and standard errors are corrected for heteroskedasticity.

Figure 7: The Impact of the Comment Section on All and Supportive Interactions
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Figure 7 compares the effects of different comment stances on overall and supportive interac-

tions.17 Opposing comments significantly increase both measures, raising the rate of all interactions

by 0.0082 percentage points (pp, p < 0.05) and supportive interactions by 0.0075 pp (p < 0.05),

which corresponds to a 56 percent increase relative to the control mean. In contrast, Mixed and

Supportive comment sections have no measurable effect on total or supportive engagement. Pair-

wise tests confirm that Opposing comments generate significantly more supportive follow-up ac-

17Results for all interactions are very similar but not identical to those reported in Section 4.4.1. In this case,
reactions and comments were collected directly from the posts rather than from the Meta Ads Manager dashboard.
Minor discrepancies may arise if users deleted their comments or removed reactions after the initial data extraction,
leading to slight misalignment between datasets.

26



tivity than either Mixed (p = 0.020) or Supportive (p = 0.008) conditions, suggesting that critical

remarks can mobilize users to express agreement rather than detachment.

For completeness, Appendix Table A6 reports results for other or non-supportive interactions,

which include reactions such as angry, sad, and ambiguous responses. The estimated effects are

small and statistically imprecise. Only the Mixed condition shows a marginally significant increase

(+0.0046 pp, p < 0.10), while Opposing and Supportive conditions have no discernible impact.

Overall, these results reinforce the finding that exposure to opposing or contentious remarks

heightens engagement primarily through supportive expressions. Rather than fostering hostility,

critical comments appear to activate a form of reactive solidarity, leading users to respond positively

to the organization’s message. This behavioral pattern is consistent with theories of psychological

reactance and reinforcement, which posit that exposure to opposing views can strengthen exist-

ing attitudes and stimulate expressive engagement among like-minded individuals (Klapper, 1960;

Brehm, 1966).

4.4.3 Heterogeneous Effects Across Political Ideology

We next examine whether the impact of comment stance varies across areas with different prevailing

political ideologies, distinguishing between Blue (mostly liberal), Swing (mixed), and Red (mostly

conservative) ZIP codes. Figure 8 displays the heterogeneous treatment effects on overall engage-

ment, and Figure 9 summarizes the corresponding effects for post expansions, interactions, link

clicks, and landing-page views. The detailed point estimates are reported in Appendix Tables A7,

A8, and A9. Across all contexts, the presence of a comment section increases engagement on aver-

age, but the magnitude and statistical precision of these effects rise sharply with the conservatism

of the area.

In Blue areas, effects are small and generally imprecise. Opposing and Mixed comments mod-

estly increase overall engagement by 0.05 pp (p < 0.10), corresponding to roughly a 10 percent rise

relative to the control mean of 0.53 percent, whereas Supportive comments have no measurable

effect. No statistically significant differences emerge across stances for any specific outcome. These

patterns suggest that in liberal environments, exposure to comment sections—regardless of the

tone of existing comments—does not meaningfully alter user behavior, consistent with audiences

already predisposed to engage with the campaign’s message.

In Swing areas, engagement becomes more responsive to the presence of a comment section. All

three comment stances produce statistically significant increases in total engagement, with Oppos-

ing, Mixed, and Supportive comments raising overall activity by 0.07, 0.05, and 0.07 percentage

points (pp), respectively. The strongest effects are observed on link clicks, where Opposing com-

ments increase click-through rates by 0.037 pp (p < 0.05), a roughly 18 percent rise relative to the

baseline, and on page views, where Mixed comments increase website visits by 0.044 pp (p < 0.01),

corresponding to an increase of about 29 percent relative to control. Although differences between
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Figure 8: Heterogeneous Treatment Effects on All Engagement across Political Ideologies
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stances remain small, this pattern suggests that users in politically mixed areas respond primarily

to the visibility of comments rather than to their ideological orientation, possibly perceiving the

existence of discussion itself as a signal of relevance.

In Red areas, treatment effects become both larger and more differentiated across comment

stances. Opposing comments generate the strongest responses across all outcomes: total engage-

ment rises by 0.13 percentage points (pp, p < 0.01), post expansions by 0.07 pp (p < 0.05), link

clicks by 0.045 pp (p < 0.05), and page views by 0.040 pp (p < 0.05). These effects correspond

to relative gains of roughly 20–25 percent compared with baseline means. Mixed and Supportive

comments also increase engagement, but the magnitudes are smaller and less precisely estimated.

Pairwise tests confirm that the differences between Opposing and Supportive conditions are statis-

tically significant for interactions (p < 0.01) and link clicks (p < 0.05), indicating that critical or

contentious remarks mobilize higher levels of participation and intent, particularly among users in

conservative areas.

Baseline engagement levels also vary systematically with ideology. In the control condition, over-

all engagement averages 0.53 percent in Blue areas, 0.48 percent in Swing areas, and 0.46 percent

in Red areas, reflecting greater inherent alignment between the campaign’s message and audiences

in liberal regions. Comment sections therefore play a more pronounced role in conservative areas,

where baseline interest is lower: by displaying visible discussion—even when critical—they make

the content more salient and relevant to users who might otherwise overlook it.

Taken together, these results reveal a clear ideological gradient. While engagement in liberal

and politically balanced areas responds similarly across comment tones, user activity in conser-

vative regions becomes markedly more sensitive to opposing narratives. The same social-media
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Figure 9: Heterogeneous Treatment Effects on Selected Outcomes across Political Ideologies

(a) Post Expansions
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(b) Interactions (Reactions, Comments, Shares)
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(c) Link Clicks
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(d) Landing-page Views
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feature—the comment section—thus amplifies attention and interaction most strongly where ideo-

logical agreement with the content of the post is low, turning critical or contentious commentary

into a mechanism for mobilizing attention rather than discouraging it. This pattern is consistent

with a curiosity mechanism, in which exposure to comments that challenge the post’s viewpoint

sparks user interest and prompts additional exploration, such as expanding the post or clicking

through to learn more.

When viewed alongside the valence analysis in Section 4.4.2, this heterogeneity may also point

to a complementary mechanism of reactance. Opposing comments tend to increase the volume

of engagement—especially in conservative areas—and the additional interactions they generate

appear, on average, to be more supportive in tone. Such a pattern would be consistent with
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theories of psychological reactance and reinforcement, which posit that exposure to opposing views

can trigger expressive behaviors aimed at reaffirming one’s prior attitudes (Brehm, 1966; Klapper,

1960).

However, because we cannot directly match the stance of individual comments or reactions to

users’ ideological context, we cannot determine whether the additional engagement in conservative

areas is indeed supportive. To further examine these potential mechanisms, we will conduct a lab

study that isolates the behavioral channels of curiosity and reactance.

4.4.4 Heterogeneous Effects Across Genders

We next examine whether the impact of comment stance differs across gender, distinguishing be-

tween male and female users. Figure 10 displays the heterogeneous treatment effects on overall

engagement, while Figure 11 summarizes the corresponding effects for post expansions, interac-

tions, link clicks, and landing-page views. The detailed point estimates are reported in Appendix

Tables A10 and A11. Across outcomes, we find little evidence that comment sections meaningfully

affect engagement among women, whereas the effects are large, precise, and positive among men,

particularly for opposing and mixed comment stances.

Figure 10: Heterogeneous Treatment Effects on All Engagement Across Genders
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Among female users, estimated effects are small and often statistically insignificant. Opposing

comments increase overall engagement by 0.044 percentage points (pp), corresponding to roughly a 9

percent rise relative to the control mean of 0.49 percent, but the effect is not statistically significant.

Mixed comments have no measurable impact on total engagement, while Supportive comments

are associated with small negative coefficients across most outcomes. For example, Supportive

comments reduce link clicks by 0.032 pp (p < 0.05) and interactions by 0.009 pp (p < 0.05),
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indicating that positive or reinforcing comment sections may slightly reduce active engagement

among women. Pairwise tests confirm that differences between Opposing and Supportive conditions

are statistically significant for interactions (p = 0.002) and link clicks (p = 0.009), largely driven by

the decline under the Supportive condition rather than gains from Opposing comments. Overall,

female engagement appears relatively unresponsive to comment visibility or tone.

Figure 11: Heterogeneous Treatment Effects on Selected Outcomes Across Genders

(a) Post Expansions
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(b) Interactions (Reactions, Comments, Shares)
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(c) Link Clicks
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(d) Landing-page Views
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In contrast, male users exhibit large and precisely estimated effects across all outcomes. Op-

posing comments increase overall engagement by 0.126 percentage points (pp, p < 0.01), a 26

percent gain relative to the control mean of 0.48 percent. Mixed and Supportive comments also

raise engagement by 0.112 pp (p < 0.01) and 0.125 pp (p < 0.01), respectively, corresponding to

23–26 percent increases. While the presence of comments increases the likelihood of post expan-
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sion regardless of stance, only Opposing and Mixed comments significantly raise interaction rates

(+0.012 and +0.011 pp, respectively). All comment stances increase link-click and page-view ac-

tivity among men, with Opposing comments raising click-through rates by 0.054 pp (p < 0.01),

a roughly 25 percent rise relative to baseline. These patterns indicate that men are considerably

more responsive both to the visibility and to the tone of comments. They engage vocally when

presented with critical or diverse narratives, whereas their less visible actions—such as clicking or

browsing—do not appear to depend on comment stance.

Taken together, these results reveal a clear gender gradient in responsiveness to online discussion.

While women’s engagement remains largely unaffected by the presence or stance of comments,

men respond strongly through higher rates of both passive and active engagement. The evidence

suggests that the overall amplification effects of comment sections are driven primarily by male

users, consistent with prior findings that men are disproportionately represented among vocal

participants in online debates (Klinowski, 2023). This heterogeneity highlights that the dynamics

of online engagement depend not only on the stance of visible comments but also on the demographic

composition of the audience.

4.4.5 Robustness and Placebo Tests

We explore several alternative specifications to assess the robustness of our results. Specifically, we

re-estimate all main models using alternative combinations of control variables and fixed effects,

and test the sensitivity of our findings to different estimators by employing a Logit specification.

In addition, we compute engagement rates directly—without simulating individual-level data—and

report the corresponding estimates together with χ2 test for equality of proportions with continuity

correction. Overall, our results remain robust across all specifications.

4.5 Testing Potential Mechanisms

In ongoing work, we use an artefactual field experiment to investigate the behavioral mechanisms

underlying the causal effects identified in the natural field experiment. Specifically, we will test two

complementary explanations that could account for the observed increase in engagement following

exposure to comment sections: curiosity and reactance.

The curiosity mechanism posits that exposure to visible comments—especially those expressing

disagreement—heightens users’ desire to explore the discussion, independent of their prior attitudes.

Under this view, engagement rises because controversy attracts attention, leading users to expand

posts or click through for more information.

The reactance mechanism, on the other hand, suggests that opposing or critical comments

trigger a psychological motivation to reaffirm one’s position or defend the in-group. In this case,

increased engagement reflects not curiosity but an expressive response to attitudinal challenge.
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To disentangle these mechanisms, we design a artefactual field experiment in which participants

are randomly exposed to controlled comment sections varying in tone and stance. We then measure

both their information-seeking behavior (as an indicator of curiosity) and their expressive responses

(as evidence of reactance). By isolating these behavioral channels in a controlled setting, this

auxiliary experiment will allow us to identify whether curiosity, reactance, or a combination of

both drives how comment sections of divisive issues influence subsequent user behavior.

5 Conclusion

Our study provides causal evidence that comment sections can shape how users engage with social

media content. Focusing on the topic of racial justice, we show that the nature and tone of visible

comments influence not only whether users engage with a post but also how they interact with

it—through reactions, comments, and link clicks. We document important variation by gender and

local ideology, highlighting that vocal minorities can steer the trajectory of online discourse in ways

that may not reflect the broader audience. These findings contribute to ongoing debates about the

role of user-generated content in shaping public opinion on divisive issues.

Our study introduces a novel experimental pipeline that leverages platform features to ma-

nipulate comment visibility and content at scale. This approach offers a framework for studying

how online discourse influences behavior in the real-world settings. Future research can adapt this

pipeline to investigate comment section effects in other domains – such as commercial products

or public health messaging – where user perceptions and social influence play a critical role in

shaping outcomes. By combining organic engagement with causal identification, this method opens

new possibilities for understanding and designing comment sections across a range of topics and

platforms.
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A Background Appendix

A.1 List of Issues and Description

• Voter Suppression: Black communities face deliberate barriers like restricted polling access,

strict ID laws, and voter roll purges, aimed at limiting their voting power. Misinformation

campaigns also target Black voters to reduce turnout, undermining fair representation. Break-

ing down these barriers is crucial to ensure Black voices are heard in democratic processes.

• Environmental Justice: Black communities often live near pollution sources like factories and

highways, leading to higher rates of health issues such as asthma. These neighborhoods are

frequently overlooked in clean-up efforts and lack green spaces. Environmental justice aims

to provide Black communities with clean air, safe water, and healthy environments.

• Criminal Justice or Police Reform: Black communities experience disproportionate police

violence, profiling, and harsher sentencing. This systemic bias erodes trust in law enforcement

and perpetuates disadvantages. Police reform is essential for fair treatment, accountability,

and ensuring Black communities feel protected, not targeted, by the justice system.

• Education Reform: Black students often attend underfunded schools with fewer resources,

larger classes, and limited access to advanced courses. These disparities create achievement

gaps and limit future opportunities. Education reform seeks equitable funding and support

to provide Black students with the quality education they deserve.

• Technology fairness: Black communities face systemic biases in technology, from algorith-

mic discrimination in hiring and lending to facial recognition tools that disproportionately

misidentify Black individuals. These inequities perpetuate existing racial disparities and limit

opportunities. Ensuring technology fairness involves designing inclusive systems, addressing

bias in algorithms, and creating tools that serve all communities equitably
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Figure A1: Ad Banners and Headlines

(a) Education (b) Environment

(c) Voting (d) Technology

(e) Police
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A.2 Pre-tests

Table A1: Results from Pre-test A

Issue Ad Name Link Clicks Reach CTR (%)

technology pixels 15 6115 0.245
technology man 13 6683 0.195
voting lady 14 5777 0.242
voting flag 11 5792 0.190
police lady 13 6146 0.212
police hands 13 6315 0.206
environment kid 13 6235 0.209
environment street 11 6290 0.175
education future 9 6216 0.145
education history 6 4884 0.123

Table A2: Results from Pre-tests B and C

Issue Ad Name Link Clicks Reach CTR (%)

voting lady 32 26794 0.119
environment kid 33 28351 0.116
police hands 32 27771 0.115
technology pixels 29 28208 0.103
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B Additional Results for Causal Impact of the Comment Section

Table A3: The Impact of Any Comment on Subsequent Engagement (as % of total reach)

Dependent variable:
All Engagement Post Expansions Interactions Link Clicks Page Views

(1) (2) (3) (4) (5)

Any comments 0.065∗∗∗ 0.046∗∗∗ 0.003 0.016∗∗ 0.016∗

(0.015) (0.012) (0.003) (0.008) (0.008)
Constant 0.538∗∗∗ 0.156∗∗ 0.004 0.379∗∗∗ 0.347∗∗

(0.120) (0.064) (0.010) (0.070) (0.135)

Zipcode Fixed Effects ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓
Zipcode FEs × Controls ✓ ✓ ✓ ✓ ✓

Mean Y in Control (C) 0.485 0.237 0.020 0.228 0.171
Observations 1,054,015 1,054,015 1,054,015 1,054,015 1,054,015
R2 0.0004 0.0005 0.0003 0.0002 0.0002

Notes: Standard errors are clustered at the advertisement level (72 ads). The unit of observation is defined at the level of the reach.

Use gender and age as control, along with two-way interactions. ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.

Table A4: The Impact of the Comment Section on Subsequent Engagement (as % of total reach)

Dependent variable:
All Engagement Post Expansions Interactions Link Clicks Page Views

(1) (2) (3) (4) (5)

Opposing 0.087∗∗∗ 0.044∗∗∗ 0.009∗∗ 0.034∗∗∗ 0.019∗

(0.021) (0.016) (0.004) (0.011) (0.011)
Mixed 0.062∗∗∗ 0.047∗∗∗ 0.002 0.012 0.017

(0.017) (0.012) (0.003) (0.011) (0.011)
Supportive 0.047∗∗∗ 0.048∗∗∗ −0.003 0.003 0.011

(0.018) (0.013) (0.003) (0.008) (0.011)
Constant 0.539∗∗∗ 0.156∗∗ 0.004 0.380∗∗∗ 0.347∗∗∗

(0.115) (0.064) (0.010) (0.066) (0.134)

Zipcode Fixed Effects ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓
Zipcode FEs × Controls ✓ ✓ ✓ ✓ ✓

Mean Y in Control (C) 0.485 0.237 0.020 0.228 0.171
p(Support vs. Oppose) 0.059 0.802 0.002 0.008 0.523
p(Oppose vs. Mixed) 0.216 0.833 0.091 0.106 0.880
p(Support vs. Mixed) 0.394 0.942 0.078 0.432 0.611
Observations 1,054,015 1,054,015 1,054,015 1,054,015 1,054,015
R2 0.0004 0.0005 0.0003 0.0002 0.0002

Notes: Standard errors are clustered at the advertisement level (72 ads). The unit of observation is defined at the level of the reach.

Use gender and age as control, along with two-way interactions. Interactions include comments, reactions and shares.
∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.
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Table A5: The Impact of the Comment Section on Subsequent Engagement (as % of total reach)

Dependent variable:
All Engagement Post Expansions Interactions Link Clicks Page Views

(1) (2) (3) (4) (5)

Opposing 0.086∗∗∗ 0.044∗∗∗ 0.008∗∗ 0.033∗∗∗ 0.019∗

(0.021) (0.016) (0.004) (0.011) (0.011)
Mixed 0.061∗∗∗ 0.047∗∗∗ 0.002 0.011 0.017

(0.017) (0.012) (0.003) (0.011) (0.011)
Supportive 0.047∗∗∗ 0.048∗∗∗ −0.003 0.002 0.011

(0.017) (0.013) (0.003) (0.008) (0.011)
Constant 0.516∗∗∗ 0.194∗∗∗ 0.028∗∗∗ 0.295∗∗∗ 0.274∗∗∗

(0.048) (0.038) (0.008) (0.028) (0.025)

Zipcode Fixed Effects ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓

Mean Y in Control (C) 0.485 0.237 0.020 0.228 0.171
p(Support vs. Oppose) 0.063 0.776 0.003 0.007 0.515
p(Oppose vs. Mixed) 0.225 0.822 0.096 0.105 0.876
p(Support vs. Mixed) 0.399 0.920 0.084 0.422 0.608
Observations 1,054,015 1,054,015 1,054,015 1,054,015 1,054,015
R2 0.0003 0.0003 0.0001 0.0001 0.0001

Notes: Standard errors are clustered at the advertisement level (72 ads). The unit of observation is defined at the level of the reach.

Use gender and age as control. Interactions include comments, reactions and shares. ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.
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Table A6: The Impact of the Comment Section on the Valence of Subsequent Interactions (in %)

Dependent variable: Interactions by valence
All Supportive Others/Non-supportive

(1) (2) (3)

Opposing 0.0082∗∗ 0.0075∗∗ 0.0007
(0.0042) (0.0036) (0.0021)

Mixed 0.0038 −0.0008 0.0046∗

(0.0040) (0.0031) (0.0025)

Supportive −0.0037 −0.0018 −0.0019
(0.0036) (0.0031) (0.0019)

Constant 0.0210∗∗∗ 0.0143∗∗∗ 0.0067∗∗∗

(0.0034) (0.0027) (0.0019)

Zipcode Set FEs ✓ ✓ ✓

Mean Y in Control (C) 0.0190 0.0133 0.0057
p(Support vs. Oppose) 0.003 0.008 0.186
p(Oppose vs. Mixed) 0.310 0.020 0.128
p(Support vs. Mixed) 0.048 0.722 0.005
Observations 1,054,015 1,054,015 1,054,015
R2 0.00002 0.00001 0.00001

Notes: Heteroskedasticity-robust standard errors (HC1).

The unit of observation is defined at the level of the reach.

Interactions include comments, reactions, and shares. ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.
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Table A7: The Impact of the Comment Section in Blue Areas

Dependent variable (in %):
All Engagement View Comments Interactions Link Clicks Page Views

(1) (2) (3) (4) (5)

Opposing 0.053∗ 0.027 0.010 0.017 0.012
(0.030) (0.026) (0.007) (0.021) (0.021)

Mixed 0.053∗ 0.027 0.002 0.022 0.008
(0.032) (0.023) (0.006) (0.024) (0.020)

Supportive −0.014 0.001 −0.003 −0.012 −0.001
(0.031) (0.025) (0.005) (0.016) (0.019)

Constant 0.561∗∗∗ 0.152∗∗ −0.007 0.416∗∗∗ 0.361∗∗∗

(0.117) (0.067) (0.012) (0.072) (0.138)

Zipcode Fixed Effects ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓

Mean Y in Control (C) 0.529 0.243 0.020 0.267 0.209
p(Support vs. Oppose) 0.052 0.274 0.029 0.195 0.590
p(Oppose vs. Mixed) 0.996 0.990 0.270 0.862 0.885
p(Support vs. Mixed) 0.065 0.200 0.363 0.184 0.689
Observations 329,844 329,844 329,844 329,844 329,844
R2 0.0004 0.0004 0.0003 0.0002 0.0002

Notes: Standard errors are clustered at the advertisement level (72 ads). The unit of observation is defined at the level of the reach.

Use gender and age as control. Interactions include comments, reactions and shares. ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.

Table A8: The Impact of the Comment Section in Swing Areas

Dependent variable (in %):
All Engagement View Comments Interactions Link Clicks Page Views

(1) (2) (3) (4) (5)

Opposing 0.071∗ 0.031 0.001 0.037∗∗ 0.004
(0.037) (0.023) (0.009) (0.015) (0.018)

Mixed 0.052∗∗∗ 0.033∗∗ 0.004 0.017 0.044∗∗∗

(0.019) (0.014) (0.005) (0.014) (0.017)
Supportive 0.070∗∗∗ 0.057∗∗∗ −0.004 0.020 0.017

(0.022) (0.014) (0.006) (0.013) (0.013)
Constant 0.317∗∗∗ 0.187∗∗∗ 0.021 0.109∗∗ 0.136

(0.068) (0.052) (0.017) (0.053) (0.137)

Zipcode Fixed Effects ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓

Mean Y in Control (C) 0.478 0.240 0.025 0.209 0.151
p(Support vs. Oppose) 0.996 0.282 0.556 0.282 0.341
p(Oppose vs. Mixed) 0.604 0.932 0.789 0.237 0.023
p(Support vs. Mixed) 0.382 0.124 0.219 0.844 0.029
Observations 345,109 345,109 345,109 345,109 345,109
R2 0.0005 0.001 0.0003 0.0002 0.0002

Notes: Standard errors are clustered at the advertisement level (72 ads). The unit of observation is defined at the level of the reach.

Use gender and age as control. Interactions include comments, reactions and shares. ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.
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Table A9: The Impact of the Comment Section in Red Areas

Dependent variable (in %):
All Engagement View Comments Interactions Link Clicks Page Views

(1) (2) (3) (4) (5)

Opposing 0.132∗∗∗ 0.071∗∗ 0.015∗∗∗ 0.045∗∗ 0.039∗∗

(0.041) (0.031) (0.005) (0.021) (0.018)
Mixed 0.077∗∗ 0.077∗∗∗ 0.001 −0.003 0.001

(0.031) (0.023) (0.004) (0.016) (0.016)
Supportive 0.080∗∗ 0.081∗∗∗ −0.002 −0.0001 0.016

(0.031) (0.025) (0.004) (0.014) (0.021)
Constant 0.482∗∗∗ 0.288∗∗ −0.015∗∗ 0.212∗∗∗ 0.175∗∗∗

(0.145) (0.115) (0.007) (0.041) (0.055)

Zipcode Fixed Effects ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓

Mean Y in Control (C) 0.455 0.228 0.016 0.210 0.157
p(Support vs. Oppose) 0.145 0.712 0.000 0.027 0.336
p(Oppose vs. Mixed) 0.127 0.807 0.001 0.027 0.056
p(Support vs. Mixed) 0.919 0.837 0.370 0.849 0.505
Observations 379,062 379,062 379,062 379,062 379,062
R2 0.0005 0.001 0.0002 0.0002 0.0002

Notes: Standard errors are clustered at the advertisement level (72 ads). The unit of observation is defined at the level of the reach.

Use gender and age as control. Interactions include comments, reactions and shares. ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.

Table A10: The Impact of the Comment Section on Female Engagement

Dependent variable:
All Engagement View Comments Interactions Link Clicks Page Views

(1) (2) (3) (4) (5)

Opposing 0.044 0.026 0.006 0.011 0.012
(0.028) (0.018) (0.005) (0.016) (0.019)

Mixed 0.006 0.027∗ −0.007 −0.015 0.0001
(0.025) (0.014) (0.004) (0.017) (0.019)

Supportive −0.038 0.001 −0.009∗∗ −0.032∗∗ −0.014
(0.025) (0.016) (0.004) (0.015) (0.018)

Constant 0.560∗∗∗ 0.112 0.003 0.447∗∗∗ 0.375∗∗

(0.116) (0.106) (0.004) (0.110) (0.154)

Zipcode Fixed Effects
Controls

Mean Y in Control (C) 0.490 0.234 0.019 0.237 0.182
p(Support vs. Oppose) 0.004 0.133 0.002 0.009 0.156
p(Oppose vs. Mixed) 0.182 0.912 0.008 0.166 0.553
p(Support vs. Mixed) 0.080 0.032 0.617 0.354 0.461
Observations 502,473 502,473 502,473 502,473 502,473
R2 0.001 0.001 0.0005 0.0003 0.0004

Notes: Standard errors are clustered at the advertisement level (72 ads). The unit of observation is defined at the level of the reach.

Use age as control. Interactions include comments, reactions and shares. ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.
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Table A11: The Impact of the Comment Section on Male Engagement

Dependent variable:
All Engagement View Comments Interactions Link Clicks Page Views

(1) (2) (3) (4) (5)

Opposing 0.126∗∗∗ 0.061∗∗∗ 0.012∗ 0.054∗∗∗ 0.026∗

(0.027) (0.020) (0.006) (0.016) (0.013)
Mixed 0.112∗∗∗ 0.065∗∗∗ 0.011∗∗ 0.035∗∗∗ 0.033∗∗∗

(0.022) (0.018) (0.004) (0.013) (0.010)
Supportive 0.125∗∗∗ 0.091∗∗∗ 0.002 0.033∗∗ 0.034∗∗

(0.026) (0.019) (0.005) (0.013) (0.013)
Constant 0.692∗∗∗ 0.301∗∗∗ −0.006∗ 0.397∗∗ 0.405∗∗∗

(0.124) (0.059) (0.004) (0.154) (0.068)

Zipcode Fixed Effects
Controls

Mean Y in Control (C) 0.481 0.239 0.021 0.219 0.161
p(Support vs. Oppose) 0.954 0.132 0.173 0.173 0.613
p(Oppose vs. Mixed) 0.521 0.822 0.898 0.198 0.602
p(Support vs. Mixed) 0.556 0.158 0.119 0.875 0.939
Observations 551,542 551,542 551,542 551,542 551,542
R2 0.0005 0.001 0.0003 0.0003 0.0003

Notes: Standard errors are clustered at the advertisement level (72 ads). The unit of observation is defined at the level of the reach.

Use age as control. Interactions include comments, reactions and shares. ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.
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