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Although gender-aware curation algorithms (i.e., incorporating users’ gender data for content curation or
recommendation) have been increasingly adopted, their effects on user engagement in user-generated content
(UGCQ) platforms remain unclear. In this work, we collaborated with a leading short-video platform in Asia
to conduct a large-scale randomized experiment by assigning about 400,000 users to either a gender-aware
or gender-neutral algorithm for ranking comments. We examined engagement outcomes for comment
consumption (i.e., browsing duration) and comment production (i.e., posting incidence). Our findings show
that gender-aware curation (relative to gender-neutral approach) increased the average browsing duration of
comments by 1.0%. Intriguingly, it had asymmetric effects on comment production where female users (who
were 25% less likely to comment than males) increased their commenting likelihood by 2.6%, whereas male
users were 3.5% less likely to do so, underscoring the increased gender diversity in online user engagement due
to gender-aware curation. Mechanism analyses suggest that the heterogeneous effects originate from differing
engagement motives: male users aim to assert individual perspectives for self-presentation purposes, whereas
female users are motivated by a desire for community belonging. In sum, our results show that gender-aware
curation algorithms can boost user engagement and foster gender diversity of online discussions on UGC
platforms. This study underscores the importance of incorporating gender data into curation algorithms,
contributes theoretically to research on curation algorithms, user engagement, and gender-based behavioral

differences, and offers practical insights for platform managers to design more engaging UGC platforms.
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1. Introduction

User engagement, encompassing both content consumption and content production,' is critical for
user-generated content (UGC) platforms such as TikTok and Twitter (Dou et al. 2013, Zhao et al.
! The operationalization of content consumption (production) depends on the form of the focal UGC. In prior studies
on short video platforms, videos were the focal UGC and comments were secondary (Zeng et al. 2023), so content

consumption (production) refers to video consumption (production). In our study, comments are the focal UGC, so
content consumption (production) refers to comment consumption (production).
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2024).? These platforms rely on high engagement to retain users, foster community growth, and
drive monetization. Of all the platform features that foster user engagement (Agarwal et al. 2025),
user comments play a pivotal role (Cheng et al. 2024). Positioned beneath the original posts, these
comments offer dedicated spaces for users to share opinions, engage in discussions, seek clarification,
and connect with others. In particular, 77% of TikTok users read comments on videos®, and Reddit
users spend about 52% of their total time on comment sections®. To manage the vast volume of user
comments, UGC platforms use content curation algorithms to filter, highlight, and rank comments,
and to personalize displays based on users’ historical engagement data (Berman and Katona 2020).

Rather than relying solely on engagement data, many platforms are now exploring gender-aware
curation algorithms, i.e., explicitly incorporating users’ gender data, in addition to user engagement
data, into curation algorithms (Kelley et al. 2022).”> Examples include YouTube, Qloo, and Spotify.°
This trend is motivated by growing industry consensus and academic findings that men and women
differ systematically in engagement patterns and content preferences (Varma et al. 2023), and
such differences may not be fully reflected in engagement data alone, but may be better captured
through gender information (Sun et al. 2024, Xu and Zhang 2022). In contrast, some platforms
like Netflix explicitly state that they do not use gender data in their recommendation algorithms,
relying only on engagement data such as viewing history.” This divergence in industry practices
reflects ongoing debate about the effects of incorporating gender data into curation algorithms on
user engagement (Pinney et al. 2023).

Against this backdrop, our study builds on research gaps from three streams of literature to
motivate our research questions: (1) curation algorithms, (2) user engagement on UGC platforms,
and (3) gender-based behavioral differences. Notably, the effects of gender-aware curation on
user engagement are ambiguous from a theoretical perspective. On one hand, incorporating
gender information may improve personalization by aligning comments more closely with users’
preferences, encouraging users to spend more time reading and posting comments (Sun et al.
2024, Adomavicius et al. 2008). On the other hand, the benefits of gender-aware curation may be
limited if users’ gender information can already be inferred from user engagement data (Kosinski
et al. 2013). Moreover, even when personalization improves, user engagement may not necessarily

2 These platforms operate as two-sided markets where users act as both content users and producers. Thus, fostering
both consumption and production is essential for sustained growth (Zeng et al. 2023).

3 See https://blog.brandbastion.com/tiktok-marketing-strategy.
4 See https://backlinko.com/reddit-users.

5 Using gender information for personalization is generally acceptable on entertainment-focused UGC platforms (e.g.,
TikTok), where the goal is to enhance user experience rather than make high-stakes decisions (e.g., loan approvals)
(Binns et al. 2018).

6 See explanations from YouTube, Qloo, and Spotify.

"See https://help.netflix.com/en/node/100639.
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increase. Users may find like-minded comments repetitive or feel that their own perspectives have
already been expressed, reducing both their interest in reading and motivation to comment (Butler
2001, Zhou et al. 2025, Warlop et al. 2018).

These mixed predictions call for rigorous causal evidence to understand the exact impact of
gender-aware curation algorithms. From a practical standpoint, such evidence can guide curation
algorithm design for platform managers and data regulation policies for policymakers. However,
on the consumption side, existing research on curation algorithms has not empirically tested
the economic impact of explicitly incorporating gender information (Sun et al. 2024). On the
production side, prior studies on curation algorithms have largely operationalized user engagement
as consumption outcomes (e.g., viewing or browsing) with curated content, leaving production
behaviors underexplored (Sun et al. 2024). Moreover, studies on user engagement on UGC platforms
have primarily focused on other information technology (IT) features (e.g., reputation systems
and identity disclosure) (Ma and Agarwal 2007, Wasko and Faraj 2005) but not on gender-aware
curation algorithms. In short, neither the curation algorithm literature nor the user engagement
literature has established causal evidence on how gender-aware curation algorithms shape user
engagement. Motivated by both theoretical ambiguity and practical significance, we propose our
first research question: What is the impact of gender-aware curation algorithms on user engagement
(consumption and production behaviors) for an online UGC platform?

Beyond the effectiveness of gender-aware curation algorithms, it is also intriguing to investigate
how the effects differ across genders. Prior sociolinguistic research (Wardhaugh and Fuller 2021,
Coates 2015) finds that men and women engage in conversation for different motivations—men
value distinctiveness, while women seek consensus. Therefore, if gender-aware curation amplifies
like-minded viewpoints, male users may engage less due to reduced uniqueness-driven motivations,
whereas female users may engage more due to a stronger sense of belonging. These possibilities
underscore the need for empirical research to dig into the heterogeneous effects of gender-aware
curation on user engagement across genders. This is practically important as UGC platforms strive
to ensure content delivery does not disproportionately affect any groups, thereby maintaining
diverse user bases, fostering opinion diversification, and supporting long-term growth (Lambrecht
and Tucker 2019). However, prior studies on user engagement on UGC platforms have primarily
focused on other IT features rather than gender-aware curation algorithms, and thus overlooked
gender-based heterogeneity in the effects of gender-aware curation on user engagement (Ma and
Agarwal 2007, Wasko and Faraj 2005). Likewise, although research on gender-based behavioral
differences has established that men and women differ in engagement motivations, it has largely
neglected algorithmic influences (Sun et al. 2024, Huang et al. 2017, Bucher-Koenen et al. 2024).

In short, both streams of literature have overlooked how gender-aware curation algorithms interact
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with gender-specific motivations to shape user engagement in both consumption and production
behaviors. To address this research gap, we propose our second research question: How does the
user engagement effect of gender-aware curation algorithms differ between female and male users?

To answer the research questions, we collaborated with a leading short-video platform in Asia
(hereafter referred to as “Platform A” due to a non-disclosure agreement) to conduct a large-scale
randomized field experiment. Like TikTok, comments are a key driver of user engagement on
Platform A®. Before October 2023, the platform ranked first-level comments based on comment
attributes and user historical engagement, without incorporating demographic data like gender as
input (detailed in Section 3.1). Recognizing that male and female users have distinct preferences
over comments, Platform A started to introduce a gender-aware curation algorithm that leverages
the user’s gender information to rank comments in October 2023.

In our experiment, users were randomly assigned to either the treatment group, where first-level
comments were ranked using the gender-aware curation algorithm, or the control group, where
the algorithm remained gender-neutral. The experiment ran from October 30*" to November 19",
2023. Our analyses of experimental data yield several important findings. First, we find that
the gender-aware curation algorithm boosted users’ comment consumption in terms of browsing
duration in the comment section by 1.0%, with no heterogeneous effect across genders. Second, it
influenced comment production in a heterogeneous manner: female users were 2.6% more likely to
comment, whereas male users were 3.5% less likely to do so. Given that female users are 25% less
likely to post comments on platforms, the results imply that a gender-aware curation algorithm
leads to higher gender diversity in online user engagement. Third, mechanism analyses suggest the
heterogeneous effects stem from different engagement motivations by users of different genders:
male users seek to assert distinctiveness for self-presentation purposes, while female users are
motivated by consensus and a desire for community belonging.

In summary, our study shows that gender-aware comment curation algorithms, compared to
gender-neutral ones, can improve user engagement by increasing comment consumption overall
and comment production among female users. Our work delivers several theoretical and practical
contributions. First, we advance the literature on curation algorithms (Zhou et al. 2025, Sun
et al. 2024) by providing the first causal evidence that incorporating gender data into curation
algorithms indeed enhances user engagement. This also contributes to data anonymization research
(Kosinski et al. 2013, Xu and Zhang 2022) by demonstrating the added value of explicit gender
data beyond inferences based on user engagement data. We further contribute by enriching the

operationalization of user engagement, moving beyond consumption to incorporate production

8 See https://newsroom.tiktok.com/en-us/how-tiktok-recommends-videos-for-you.
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behaviors as a complementary dimension. Second, we contribute to the literature on user
engagement on UGC platforms (Phang et al. 2015, Huang et al. 2019) by highlighting the overlooked
role of gender-aware curation algorithms in shaping user engagement and revealing how the effects
of curation algorithms vary by gender. Third, we extend research on gender-based behavioral
differences (Varma et al. 2023, Venkatesh and Morris 2000) by showing how curation algorithms
interact with gender-specific motivations would result in asymmetric engagement responses. Lastly,
we provide actionable insights for platform managers, emphasizing the potential of gender-aware
curation to increase user engagement and promote gender diversity in UGC platform participation.

The rest of the paper is organized as follows. Section 2 reviews the relevant literature. Section
3 details our research context and empirical strategy. Section 4 presents the effect of gender-aware
curation algorithms on user engagement in terms of comment consumption and production.
Section 5 explores the mechanisms underlying these effects. Section 6 presents additional analyses
and robustness tests. Lastly, Section 7 summarizes the findings and discusses the theoretical and

practical contributions, as well as directions for future research.

2. Literature Review and Theoretical Background

2.1. Curation Algorithms

Our work is most closely related to research on the economic impact of curation algorithms. One
stream examines the effects on user engagement and satisfaction (Zhou et al. 2025, Sun et al. 2024).
While many report positive effects, some studies caution that overly personalized or homogeneous
content may reduce engagement by limiting content diversity (Zhou et al. 2025, Berman and Katona
2020), inducing boredom (Warlop et al. 2018), or raising privacy concerns (Karwatzki et al. 2017).
Another stream investigates content diversity, with mixed findings on whether curation algorithms
reinforce filter bubbles or promote exploration beyond users’ initial preferences (Bakshy et al. 2015,
Hosanagar et al. 2014). A third stream examines how algorithm designs, such as incorporating
variety-seeking preferences, affect engagement (Li and Tuzhilin 2024, Zeng et al. 2024).

Despite these advances, two key gaps remain in this stream of literature. First, research has
largely overlooked the impact of incorporating personal data like gender into curation algorithms.
While Sun et al. (2024) has examined the role of personal data in e-commerce recommender
systems, the study has not isolated gender as a distinct factor. Understanding its independent
effect is important, as gender is both behaviorally meaningful (Varma et al. 2023) and central
to ongoing debates on fairness, discrimination, and responsible algorithmic design (Kelley et al.
2022). In addition, engagement on e-commerce platforms is goal-oriented and transactional, whereas
engagement on UGC platforms is driven by identity expression and social interaction. Therefore,

gender-aware curation may boost engagement in e-commerce by matching users to preferred
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products, but may reduce engagement on UGC platforms by limiting content diversity (Zhou et al.
2025) and self-presentation opportunities (Oh et al. 2023).

Moreover, the effects of explicitly integrating gender data into curation algorithms on user
engagement are still uncertain. Incorporating gender data may help curation algorithms better
capture user preferences and enhance engagement (Sun et al. 2024), as men and women exhibit
distinct content preferences and engagement patterns (Venkatesh and Morris 2000, Huang et al.
2019) that may not be fully captured by engagement data alone (Lian et al. 2018, Zhou et al.
2025). However, studies on data anonymization suggest that algorithms can infer gender-related
preferences from engagement data (Kosinski et al. 2013), and even if gender-aware curation
improves personalization, it may not increase engagement due to privacy concerns or more
homogeneous content delivery (Zhou et al. 2025, Karwatzki et al. 2017). Our paper reconciles
these views with causal evidence comparing gender-aware and gender-neutral algorithms on user
engagement and further examines whether the effects vary by gender.

Second, prior studies have primarily operationalized user engagement by consumption behaviors
with curated content (i.e., in our context, comment reading), leaving production behaviors (e.g.,
comment posting) understudied. However, both behaviors are essential to UGC platforms (Zeng
et al. 2023), and driven by different motivations (Phang et al. 2015). Consumption is driven
by interest, relevance, or entertainment value, whereas production is often motivated by social
recognition, community belonging, or self-expression (Phang et al. 2015, Wasko and Faraj 2005).
A feature that boosts consumption may not similarly affect production. For example, Kane and
Ransbotham (2016) shows that more developed content increases user consumption but discourages
production. A small but growing literature examines how curation algorithm designs influence
engagement in terms of production. Qian and Jain (2024) analytically shows that favoring quality
over personalization can encourage high-quality UGC production. Zeng et al. (2024) empirically
shows that prioritizing high-quality videos increases consumption but discourages production
among less visible users. Zou et al. (2024) analytically shows that emphasizing quality over variety
can reduce production from niche producers. Wang et al. (2025) propose a curation algorithm
that jointly considers consumption and production objectives. However, these studies have yet to
examine how incorporating personal data, such as gender, shapes engagement in production.

Theoretically, the impact of gender-aware comment curation on comment production can be
ambiguous. On one hand, social identity theory posits that a stronger sense of community
fosters engagement (Wasko and Faraj 2005). By amplifying comments tailored to each gender’s
interests (Bakshy et al. 2015, Hosanagar et al. 2014), gender-aware curation algorithms may
reinforce homophily and belonging, encouraging more postings. On the other hand, social exchange

theory argues that users post to gain social rewards (e.g., status and recognition) or maintain
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distinctiveness (Wasko and Faraj 2005, Cao et al. 2024). Prioritizing like-minded content may
inadvertently reduce these incentives if users perceive their perspectives as already well-represented
(Butler 2001). Consistent with this view, Kane and Ransbotham (2016) shows that greater visibility
on Wikipedia reduces editing as content becomes more refined, and Beaudoin (2002) finds that
users in online learning post less once they feel their views are already voiced. This aligns with
research on the bystander effect (Wong et al. 2021), group size and user engagement (Butler
2001), and social loafing and free riding (Lount Jr and Wilk 2014), all of which highlight how
perceived redundancy, diffused responsibility, and reduced accountability can discourage posting.
We extend this literature by empirically examining how gender-aware curation algorithms influence
user engagement, with a particular focus on the often-overlooked production dimension and its

heterogeneous effects across genders.

2.2. User Engagement on UGC Platforms

Our work is closely related to research on the antecedents of user engagement on UGC platforms.
Existing studies commonly operationalize user engagement as consumption or production of UGC
(Kane and Ransbotham 2016, Cao et al. 2024). Consumption involves low-effort behaviors such as
reading, liking, or sharing, whereas production refers to high-effort behaviors such as posting and
replying (Phang et al. 2015). The classification depends on the focal UGC context. For example,
on short video platforms, when videos are the focal UGC, viewing videos is consumption, whereas
posting videos is production (Zeng et al. 2024). In our context, where comments are the focal UGC,
reading comments is consumption, whereas posting comments is production.

Research on user engagement in terms of consumption has examined factors such as content
attributes (Cheng et al. 2024, Oh et al. 2023), social cues (e.g., peer endorsements (Agarwal
et al. 2025)), and platform design features (e.g., content length limits (Gu and Zhao 2024),
feed integration (Cao et al. 2024), and curation algorithms (Zeng et al. 2024)). This research
stream is less developed, partly because consumption behaviors are less visible and often require
platform-provided clickstream data (Oh et al. 2023). In contrast, research on user engagement in
the form of production (also called user contribution) is more extensive and has examined (1)
why users produce and (2) why lurkers do not. Motivations for production generally fall into
two categories: community engagement and reputation building. Shared identity and social bonds
encourage replies and discussions (Phang et al. 2015, Huang et al. 2017), as active users often engage
to strengthen social bonds or fulfill social obligations (Ma and Agarwal 2007). Social reputation is
another key driver, with users producing UGC to showcase expertise, gain visibility, or differentiate
themselves from others (Wasko and Faraj 2005, Huang et al. 2019, Ma and Agarwal 2007). This

aligns with social exchange theory, where contributions function as a form of currency for status



Zhang et al.: The Effect of Gender-Aware Curation Algorithm on User Engagement

and recognition (Cao et al. 2024). Other motivators include altruism (Qiao et al. 2020), monetary
incentives (Wang et al. 2022), and reciprocity (Ma and Agarwal 2007).

In contrast, lurkers, users who consume without producing, face distinct psychological and
social barriers. Many report low confidence due to shyness, feelings of inadequacy, or uncertainty
about their expertise (Brescoll 2011, Coffman 2014, Phang et al. 2015). Social pressure and
fear of negative evaluation further discourage participation, leading to self-censorship (Brescoll
2011, Peng et al. 2025). Beyond individual confidence, lack of community belonging also inhibits
engagement, as users who feel socially disconnected see little value in engagement (Huang et al.
2017, Phang et al. 2015). Additionally, some perceive their input as redundant, particularly in large
or highly active communities where similar perspectives are already expressed (Beaudoin 2002).
This phenomenon goes beyond free-riding behaviors where individuals withhold contributions
assuming others will act, to a crowding-out effect where existing contributions create a sense of
saturation that suppresses further input (Wong et al. 2021).

Despite this extensive research, two key gaps remain. First, we lack evidence on whether
and how gender-aware curation algorithms affect user engagement. In terms of consumption,
no study has empirically tested the effects of incorporating gender data into UGC curation.
In terms of production, prior research has focused on IT artifacts such as reputation systems,
identity disclosure, and virtual co-presence (Ma and Agarwal 2007, Wasko and Faraj 2005), but
has overlooked the role of curation algorithms. It is unclear whether these algorithms foster
participation by strengthening community bonds or suppress it by reducing the reputational
rewards of differentiation. Second, potential heterogeneous effects by gender remain underexplored.
Prior research suggests that men value distinctiveness, while women prioritize consensus and
community bonds (Coates 2015, Cross et al. 2011). If gender-aware curation algorithms amplify
like-minded opinions, these algorithms may encourage engagement among female users while
discouraging it among male users, i.e., effects that have yet to be examined. Huang et al. (2019) also
documents gender heterogeneity in user engagement on UGC platforms but focuses on performance
feedback interventions rather than curation algorithms. Our study fills in these gaps by empirically
evaluating the causal impact of gender-aware comment curation on user engagement in terms of

comment consumption and comment production, and its heterogeneous effects by gender.

2.3. Gender-Based Behavioral Differences

Scholars across fields such as economics, sociolinguistics, and information systems (IS) have
long examined gender-based behavioral differences across various domains such as self-promotion
(Peng et al. 2025), performance feedback and user engagement (Huang et al. 2019), conformity

behaviors (Griskevicius et al. 2006), conversational engagement communicative style (Coates 2015,
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Brescoll 2011, Leaper and Ayres 2007), prosocial behaviors (Soutschek et al. 2017), technology
adoption(Venkatesh and Morris 2000), financial investment (Bucher-Koenen et al. 2024), workplace
networking (Jeong et al. 2022), and risk-taking behaviors (Varma et al. 2023).

To explain these differences, prior studies often draw on agency-communion theory and
self-construal theory (Varma et al. 2023). Agency-communion theory posits that human behavior
is shaped by agency, which emphasizes independence and self-assertion, and communion, which
emphasizes social connection and harmony, with men more agentic and women more communal
(Helgeson 1994). Similarly, self-construal theory argues that men are more likely to develop an
independent self-construal (e.g., autonomy, assertiveness, competitiveness), whereas women tend
to develop an interdependent self-construal (e.g., relationships, connection) (Cross et al. 2011).
Related perspectives like gender self-schema theory (Huang et al. 2019) offer consistent arguments.

Despite the extant work, little is known about how curation algorithms incorporate these
gender-specific differences to produce heterogeneous effects on user engagement. Our study fills in
this gap by offering empirical evidence that examines the nuanced effect of gender-aware curation
on user engagement by gender. By increasing personalization, the gender-aware curation algorithm
exposes users to more like-minded comments (Bakshy et al. 2015, Adomavicius et al. 2008), which
may shape male and female engagement behaviors differently. For female users, this exposure may
increase engagement for several reasons. First, exposure to like-minded comments can reduce female
users’ hesitation to engage by addressing concerns about competence and fear of negative judgment
(Varma et al. 2023, Coffman 2014), as well as social pressure to self-censor due to gender-based
social norms (Brescoll 2011, Peng et al. 2025), especially when discussing nonconforming topics
such as the military (Bordalo et al. 2019). Second, like-minded comments strengthen female users’
perceived belongingness and social identity, thereby encouraging engagement (Ma and Agarwal
2007, Huang et al. 2017), particularly in male-dominated settings where female users might
otherwise feel underrepresented. Third, by fostering a less confrontational environment, like-minded
comments cater to women’s preference for harmonious discussions and encourage engagement
(Wardhaugh and Fuller 2021, Griskevicius et al. 2006). Fourth, based on muted group theory,
exposure to aligned perspectives offers expressive cues that help female users articulate their views,
thereby lowering their engagement barriers (Coates 2015, Wardhaugh and Fuller 2021).

For male users, gender-aware curation algorithms may reduce the incentive to engage for
several reasons. First, men are generally motivated by the desire for visibility, recognition,
and opportunities for social comparison in group discussions (Peng et al. 2025, Coates 2015).
Like-minded comments reduce the perceived uniqueness and social rewards of engaging, weakening
their drive to stand out or assert distinct perspectives (Wasko and Faraj 2005, Butler 2001).

Second, men often adopt an information-oriented communication style, engaging when they
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believe their input adds new or valuable insights (Venkatesh and Morris 2000). By reinforcing
existing viewpoints, the algorithm may reduce the perceived informational value, leading to lower
engagement. Third, as dominant participants in online discussions (Peng et al. 2025), male users
are more prone to social loafing. When similar comments are visible, male users may feel less

obliged to engage, assuming others have expressed shared perspectives.

3. Research Context and Empirical Strategy

3.1. Research Context

We collaborated with one of the largest short-video platforms in Asia (Platform A), which has over
300 million daily active users. Like TikTok, Platform A allows users to watch videos and interact for
free, and generates revenue primarily through online advertising. Because advertising effectiveness
depends on users’ content consumption and interaction, user engagement is central to Platform A’s
business model. To encourage active user engagement, Platform A prioritizes interactive features,
with user comments playing a central role. Within the comment section, users can browse, reply to,
and discuss about videos. After watching a video, users can access the comment section by tapping
a button on the video page, which minimizes the video thumbnail while expanding the comment
section below (see Figure 1 (a)). Users primarily engage in the comment section either by reading
existing comments (comment consumption) or by posting and replying to comments as commenters
(comment production). The comment section follows a two-level hierarchy. First-level comments
are direct comments on the video, appearing immediately below the video as primary responses
and displaying the commenter’s avatar, username, content, and likes count. Second-level comments,
including replies to both first-level and other second-level comments, are accessible through the
“extend replies” button beneath first-level comments and are displayed in chronological order (see
Figure 1(b)). Due to the large volume of comments, Platform A employs a curation algorithm to
rank first-level comments to ensure an engaging experience.

The comment curation algorithm was trained based on data from all platform users. Prior to
October 2023, the training inputs consisted of two types of features: (1) comment attributes such
as the total number of likes and replies a comment had received, and semantic features such as
comment text embeddings, and (2) users’ historical engagement with comments, such as browsing
duration, likes, clicks on the “extend replies” button, and replies. Importantly, the algorithm did
not incorporate personal user data, such as gender, partly due to uncertainty about its effects on
engagement beyond historical engagement data.

The algorithm employed content-based, collaborative filtering, and context-aware methods to
rank comments based on predicted engagement. For example, content-based methods leverage

semantic similarity in comment text, so that users are more likely to see comments with similar
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Figure 1 User Interface for Accessing Comment Sections on Platform A

features to those they have previously engaged with. Collaborative filtering draws on patterns of
comparable users, so that users are more likely to see comments that these similar users have
engaged with. In practice, for a given user and the set of first-level comments under a video,
the model predicted the probability that the user would like, reply to, or click the “extend
replies” button for each comment, based on both the comment features and patterns learned
during training”. These predicted probabilities were combined into a composite score through a
multi-objective function, with weights manually set by the operation team on Platform A to balance
engagement outcomes. First-level comments were then ranked by this score, whereas second-level

comments were displayed chronologically.

3.2. Experiment Design

We observed that male and female users exhibited significantly different content preferences,
consistent with longstanding evidence of gender-based behavioral differences documented across
diverse domains (Huang et al. 2019, Venkatesh and Morris 2000). Building on this observation,
we collaborated with Platform A to design and implement a gender-aware curation algorithm
in October 2023. This algorithm incorporates users’ gender data into the ranking process, but
does not include the gender of video or comment producers. Gender data provides complementary
information beyond engagement data: it supports cold-start scenarios where engagement data

are sparse, offers a stable demographic signal less volatile than engagement data, and allows the

9 Although browsing duration is an important engagement metric, the objective function at the experimental period
only included the prior-mentioned three explicit binary behaviors.
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Figure 2 Data Inputs for Curation Algorithms in Treatment and Control Groups

model to differentiate heterogeneous preferences across users of different genders. This allows the
algorithm to better capture how gender interacts with comment features and engagement behaviors.
Notably, this experimental manipulation did not alter video recommendations.*’

To causally examine the impact of incorporating gender data into the curation algorithm, we
conducted a field experiment in comment sections of video pages on Platform A. The experiment
ran from October 30" to November 19", 2023, during which users were randomly assigned to
either the treatment or control group. Users in the treatment group saw first-level comments ranked
using a gender-aware curation algorithm that incorporated the users’ gender. Those in the control
group consumed first-level comments ranked by a gender-neutral algorithm that excluded gender
data (see Figure 2). Importantly, users were unaware of the experiment, i.e., they were neither
notified about the ranking criteria nor informed that the order of comments shown might differ
from that of other users. This design ensured that any observed differences in user engagement
outcomes should be attributed to the treatment rather than user expectations about experimental

manipulation or algorithmic changes.

3.3. Data and Variables
We defined the first day after the experiment began with the treatment stably implemented as
the treatment period and the day immediately before the experiment as the pre-treatment period,

following Zeng et al. (2023)'!. This one-day time unit aligns with the granularity of our data

10We compared the average share of recommended videos across first-level categories between treatment and control
groups using two-sample t-tests. The results, reported in Online Appendix A.1, show no significant differences
(p-values > 0.1), confirming that the gender-aware comment curation algorithm did not affect the platform’s video
recommendation system.

1 The experiment launched on October 30", but the platform was still adjusting the algorithm’s parameters that
day. Thus, we defined October 29'" as the pre-treatment period and October 31%¢ as the treatment period for our
main analyses.
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provided by Platform A. Platform A aggregates daily metrics (e.g., daily active commenters, daily
browsing duration of comments), which decompose into user-level daily behaviors (e.g., whether a
user browsed comments on a given day, how much time the user spent browsing comments, and
how many comments the user posted).'?

Our data sample included 383,135 users (i.e., who had browsed comments) on October 31%, with
191,420 in the treatment group and 191,715 in the control group. Among these users, the treatment
group comprised 101,992 female and 89,428 male users, while the control group included 102,340
female and 89,385 male users. To ensure that our analyses captured the engagement with recent
video content, we restricted the sample to videos published within the past month (September 30"
to October 31, 2023). To isolate focal users’ engagement with others’ content, we excluded videos
uploaded by focal users, as focal users may exhibit distinct engagement patterns. Additionally,
we restricted the sample to videos with at least one comment view from both groups to ensure
comparability. In total, users in the treatment group consumed comments on 684,684 videos,
while those in the control group did so on 684,310 videos. Our final dataset included 12,356,563
user-video-level observations in the treatment period, restricted to videos where users viewed at
least one comment and unconditional on whether they posted any comment. The dataset included
comment engagement outcomes, user characteristics, and video attributes. Table 1 presents the
summary of the variables used in our analyses. Our independent variable is the treatment group
dummy (Treat;), coded as 1 if user ¢ was assigned to the treatment group.

Our dependent variables are two user engagement metrics: CommentDuration;;, which captures
comment consumption measured by user i’s browsing duration (in minutes) on the comments for
video j, and PostComment,;;, which indicates comment production incidence as a binary indicator
of whether user i posted a comment on video j.'* Male; is our moderator variable, coded as 1 if
comment user i is male.'*

To account for various potential confounding factors, we include a set of control variables
(denoted as Controls;; in our econometrics models) capturing user, video producer, and video
attributes as follows. First, we control for the timing of comment consumption by including the
number of days between the posting date of video j and the date the user i browsed its comments.

Second, we account for user popularity, experience, and activity by including the user’s followers

12 Our main analyses focus on users’ comment consumption behavior and are thus conditional on users having browsed
the comment section.

13 1n our data sample, users who commented posted an average of 1.2 comments per video. Using a dummy variable
(PostComment;;) to indicate whether a user commented on a video should yield similar results to using the total
number of comments. In our robustness tests (detailed in Section 6), we used the number of comments posted
(CommentNum;;) as an alternative measure, and the results are qualitatively consistent.

1 Platform A determines the gender of a user by combining the self-reported gender with viewing behavior. This
approach helps reduce misclassification when a user’s self-reported gender does not align with the observed behaviors.
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Table 1 Variable Definition

Variables Description

Treat; Coded as 1 if user i was assigned to the treatment group, or else as 0.

CommentDuration;; Browsing duration (in minutes) by user ¢ on the comments for video j.

PostComment,;; Coded as 1 if user i has posted any comment for video j, or else as 0.

Male; Coded as 1 if user i is male, or else as 0.

PostDate;; Number of days between the video posting date and the date on which the
user viewed the comments for video j.

Follower; Number of users that follow user 3.

Experience; Tenure of user i (in years) on the platform.

Video Upload, Number of videos user 7 uploaded during the last 7 days.

Region, Location dummies for user i, including the northern and southern regions of
the focal country, and the overseas region.

AgeSegment, Dummy variables indicating user i’s age segments, which include 0-12, 12-17,
18-23, 24-30, 31-40, 41-59, and 60+ years old.

ProducerMale; Coded as 1 if the producer of video j is male, or else as 0.

ProducerFollower; Number of users that follow the producer of video j.

ProducerExperience; Tenure of producer of video j (in years) on the platform.

VideoDuration; Duration of video j (in minutes).

ContentType; Coded as 1 if video j is composed of videos (i.e., not images), or else as 0.

Category, First-level category dummies for video j (e.g., Beauty, Games).

Notes: All variables are coded as described in the table. Video metadata variables are collected from the platform’s
system logs.

count, platform tenure (in years), and the number of videos produced in the past seven days. We
also control for demographic and geographic variations using age-segment and location dummies.
Third, we include video producer attributes, such as gender, tenure, and follower count, to control
for differences in video producer popularity and experience. Fourth, we include video characteristics,
including duration (in minutes) and a binary indicator of whether the producer manually sets a
video cover, to account for producer effort and video quality. Fifth, we include video category
dummies to capture differences in video categories. Table 2 presents the summary statistics of our

focal variables. A correlation matrix of the variables is shown in Table B.1 of Online Appendix B.

3.4. Randomization Check

To verify the validity of randomization for treatment assignment, we compared treatment users (N
= 191,420) and control users (N = 191,725) on their pre-treatment comment engagement outcomes,
user characteristics, and attributes of the videos these users engaged with.'® Pairwise t-tests results
presented in Table 3 show no significant differences between treatment and control groups on these
observable attributes. These results confirm that the treatment and control users in our sample
were comparable, suggesting that any difference between conditions after the experiment started
should be attributed to our experimental manipulation, i.e., whether the first-level comments were
ranked by a gender-aware curation algorithm.

15 We also conducted a randomization check using data from one week prior to the experiment. The results, as
reported in Table C.1 of Online Appendix C, are qualitatively consistent.
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Table 2 Summary Statistics of Focal Variables

Variables Mean SD Min Max
Treat 0.501  0.500 0 1
PostComment 0.024 0.153 0 1
Male 0.454  0.498 0 1
PostDate 3.899 6.216 0 30
Ezperience 4.343  2.467 0 12.220
VideoUpload 1.276  4.276 0 1,398
ProducerMale 0.532  0.499 0 1
ProducerEzperience  3.581  2.605 0 12.260
VideoDuration 1.172  1.890 0.018 300.500
ContentType 0.892 0.311 0 1

Notes: All variables are calculated based on video-level
and user-level data. SD stands for standard deviation,
and Min and Max represent the minimum and maximum
values observed for each variable. To protect Platform
A’s sensitive information, the summary statistics for
CommentDuration, Follower, and ProducerFollower are
not displayed.

Table 3 Randomization Check Results

Variables Full Sample Male Users Female Users
(1) (2) (3)

CommentDuration 0.796 0.745 0.112
PostComment 0.853 0.209 0.348
Male 0.458 - -
PostDate 0.694 0.516 0.924
Follower 0.247 0.164 0.905
Ezxperience 0.568 0.678 0.698
Video Upload 0.271 0.846 0.211
ProducerMale 0.806 0.270 0.251
ProducerFollower 0.555 0.408 0.963
ProducerExperience 0.434 0.926 0.319
VideoDuration 0.704 0.227 0.135
ContentType 0.823 0.320 0.209

Notes: Values represent p-values from t-tests comparing the treatment
and control groups. The first column reports results for the full
sample, while the second and third columns report p-values for male
and female users separately. A dash (-) indicates the variable is not
applicable for the subgroup.

3.5. Econometric Models
Our unit of analysis was at the user-video level to capture changes in comment engagement
outcomes for each video where a user had clicked on the comment section. We used an ordinary

least squares (OLS) regression with robust standard errors as follows:
DV.Z” = ﬁo + ,61 Treati + ﬁz CO’IltT’OlSij + ’)’j + eij (].)

where DV1;; refers to our two user engagement metrics, CommentDuration;; and PostComment,;.

Treat; is a binary indicator equal to 1 if the user ¢ was in the treatment group. Controls;; include
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all prior-mentioned control variables'®. We also include Male;, a dummy indicating whether user 4
is of the male gender, to control for users’ gender. y; captures the video fixed effects, and e;; is the
error term. To adhere to data confidentiality requirements, CommentDuration;; was standardized.
Highly-skewed control variables were log-transformed with a one-unit increment to account for zero
values, following the semi-log approach in Cole and Sokolyk (2018). 3, is the focal model coefficient
of interest. To examine whether gender-aware curation yielded heterogeneous outcomes for male
and female users, we also specify a moderating effect model where an interaction term between

Treat; and Male; is introduced into Equation (1) as:
DV1,;; = oo + oy Treat; + as Male; + a3 Treat; x Male; + gy Controls;; + 7y, + €5 (2)
where ¢;; is the error term. oy is the other focal model coefficient of interest.

4. Impact of Gender-Aware Curation Algorithm
We first estimated the effect of gender-aware curation algorithms on comment consumption and
examined whether these effects differed between female and male users. Next, we analyzed the

impact on comment production outcomes and the heterogeneous effects across different genders.

4.1. Comment Consumption
We first looked at whether adding gender data to the curation algorithms helped increase
the time users spent reading comments. We estimated Equation (1), where DV1;; denotes
CommentDuration;; which tracks how long a user spends in the comment section of a video.
The results, shown in Column (1) of Table 4 (57 = 0.005, p-value < 0.01), suggest a clear
improvement. Users who were shown comments ranked by the gender-aware algorithm spent
about 1.0% more time in the comment section compared to those shown comments ranked by a
gender-neutral algorithm.!” Given that our sample covers nearly 1% of total platform users who
collectively engage with user comments for around 2 million minutes in the comment section, these
findings translate into an increase of roughly 3 million more minutes spent reading comments.
This finding echoes prior research showing that algorithmic interventions (Chen and Chan 2024)
and platform-developed artifacts can significantly shape user behavior and engagement on digital
platforms (Yang et al. 2020, Jeong et al. 2022).

To further understand the increase in comment consumption, we employed the number of
comments a user viewed (CommentView;;) as an alternative outcome variable. Using the same

16 PostDate;; and video attributes are absorbed by video fixed effects and their coefficients are not separately
identified.

17 A 1% relative effect size is often considered meaningful in large-scale online field experiments, where even small
improvements can translate into practical impact (Kohavi et al. 2020).
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Table 4 Impact of Gender-Aware Curation Algorithm on Comment Consumption
Variables CommentDuration  CommentView  Levell CommentView  Level2CommentView
1) (2) (3) (4)
Treat 0.005*** 0.005*** 0.0003 0.010%**
(0.001) (0.001) (0.001) (0.001)
Male -0.005%** -0.004*** -0.011%** 0.009***
(0.001) (0.001) (0.001) (0.001)
Relative effect size 1.0% 0.7% 0.1% 2.3%
Controls Yes Yes Yes Yes
Video fixed effects Yes Yes Yes Yes
Observations 12,356,563 12,356,563 12,356,563 12,356,563
R-squared 0.139 0.128 0.127 0.156

Notes: ***p<0.01; **p<0.05; *p<0.1. Values in parentheses are robust standard errors. CommentDuration,
CommentView, Levell CommentView, and Level2CommentView are standardized for data confidentiality.

specification Equation (1), we find that the number of comments viewed increased by 0.7%
in the treatment group, as shown in Column (2) of Table 4. These results are qualitatively
consistent with the effect observed for comment duration. Given the two-level comment structure
on Platform A, we next decomposed the total number of comment views (CommentView;;)
into the first- (Levell CommentView;;) and second-level comment views (Level2Comment View;;).
By re-estimating Equation (1) for each level, we find that the gender-aware curation algorithm
increased first-level comment views by 0.1% (not statistically significant) and second-level comment
views by 2.3%, as shown in Columns (3) and (4) of Table 4. These results suggest that although
the gender-aware curation algorithm ranked first-level comments, it indirectly boosted second-level
comment consumption. Users, after browsing first-level comments they find interesting, become
more inclined to browse the second-level replies. Collectively, these findings demonstrate that
compared to a gender-neutral algorithm, a gender-aware curation algorithm leads to more active
engagement with both levels of comments. These results help address an ongoing debate in data
anonymization research (Kosinski et al. 2013) by showing that gender data can offer incremental
value beyond behavioral data alone. The findings also provide empirical support for the economic
relevance of demographic data (Sun et al. 2024).

Next, we examined whether the effect of the gender-aware algorithm differed between male and
female users. Using the regression specification in Equation (2), we find that the interaction term
was not significant in Table 5 (az = 0.0005, p-value > 0.1). This suggests that incorporating gender

data into the curation algorithm equally boosted comment consumption across genders.

4.2. Comment Production
Beyond comment consumption, we also asked how gender-aware curation algorithms influenced
comment production. To answer this question, we estimated Equation (1) where DV1,; denotes

PostComment;;, a binary indicator of whether user ¢ commented on video j. The insignificant

E
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Table 5 Heterogeneous Impact of Gender-Aware Curation Algorithm on Comment Consumption

Variables CommentDuration
1
Treat 0.005%**
(0.001)
Male -0.006%**
(0.001)
Treat x Male 0.0005
(0.001)
Controls Yes
Video fixed effects Yes
Observations 12,356,563
R-squared 0.139

Notes: ***p<0.01; **p<0.05; *p<0.1.
Values in parentheses are robust standard
errors. CommentDuration is standardized
for data confidentiality.

Table 6 Impact of Gender-Aware Curation Algorithm on Comment Production
Variables PostComment
1)

Treat -0.0001

(0.0001)
Controls Yes
Video fixed effects Yes
Observations 12,356,563
R-squared 0.201

Notes: ***p<0.01; **p<0.05;
*p<0.1. Values in parentheses are
robust standard errors.

coefficient of Treat (8; =-0.0001, p-value > 0.1) in Table 6 suggests that the gender-aware curation
algorithm did not significantly affect the overall production of comments.

We next investigated the heterogeneous effects of gender-aware curation algorithms on comment
production across genders. To this end, we estimated Equation (2) with PostComment;; as the
dependent variable. As shown in Column (1) of Table 7, the coefficient for Treat is positive and
significant (a; = 0.0006, p-value < 0.01), indicating that female users in the treatment group were
2.6% more likely to comment than those exposed to the gender-neutral algorithm.'® In contrast, the
interaction term between Treat and Male is negative and significant (a3 = -0.0015, p-value < 0.01),
resulting in a negative net effect for male users (0.0006 - 0.0015 = -0.0009). Specifically, treated
male users were 3.5% less likely to produce comments compared to the control group'®. These
asymmetric effects across genders likely explain the nonsignificant overall treatment effect observed

in Table 6. By contrast, recall from Table 5 that no heterogeneous treatment effects emerged for

8 This is calculated as: 0.0006 / 0.023 = 2.6%.
19 This is calculated as: (0.0006 - 0.0015) / 0.026 = -3.5%.
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comment consumption. This is plausible because the reduced uniqueness-driven motivation of male
users operates mainly on the production side, where self-presentation is a key driver (Wasko and
Faraj 2005, Oh et al. 2023). In consumption, however, both male and female users generally enjoy
viewing content that matches their preferences, so the treatment effects are similar for different
genders (Bakshy et al. 2015). These distinctions underscore the importance of examining user

engagement separately across its consumption and production dimensions.

Table 7 Heterogeneous Impact of Gender-Aware Curation Algorithm on Comment Production

Variables PostComment
(1)
Treat 0.0006***
(0.0001)
Male 0.006***
(0.0001)
Treat x Male -0.0015%**
(0.0002)
Control baseline (mean) 0.024
Control baseline (male) 0.026
Control baseline (female) 0.023
Relative effect size (male) -3.5%
Relative effect size (female) 2.6%
Controls Yes
Video fixed effects Yes
Observations 12,356,563
R-squared 0.201

Notes: ***p<0.01; **p<0.05; *p<0.1. Values in
parentheses are robust standard errors.

These findings are practically important. Previous research (Peng et al. 2025) has documented
that women are underrepresented in online contributions, often remaining silent due to lower
confidence or a weaker sense of belonging (Wardhaugh and Fuller 2021).2° The positive coefficient
of Male in Column (1) of Table 7 confirms the presence of a gender gap, with male users being
0.006 units or about 25%?' more likely to comment than female users.

To better understand this heterogeneous effect, we decomposed PostComment;; into two binary
indicators: one for whether the user posted a first-level comment (Levell PostComment;;), and one
for whether the user posted a second-level comment (Level2PostComment;;). We then re-estimated
Equation (2) using each as the dependent variable. As shown in Table 8, the results align well

with those in Table 7. Among female users, the gender-aware algorithm increased the likelihood

20 For example, women contribute less to Wikipedia editing. See https://en.wikipedia.org/wiki/Gender_bias_
on_Wikipedia.

! This is calculated as: 0.006 / 0.024 = 25%.
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of posting first-level comments by 2.4%?? and second-level comments by 4.3%?3. In contrast, male
users in the treatment group showed a 3.0%2* decline in the first-level comments and a 1.4%2°

decline in the second-level comments.

Table 8 Impact of Gender-Aware Curation Algorithm on Comment Production Across Comment Types
Variables Level1PostComment  Level2PostComment
(1) (2)

Treat 0.0004*** 0.0003***
(0.0001) (0.0001)

Male 0.004™** 0.002***
(0.0001) (0.0001)

Treat x Male -0.001"* -0.0004""*
(0.0001) (0.0001)

Control baseline (male) 0.020 0.007

Control baseline (female) 0.017 0.007

Relative effect size (male) -3.0% -1.4%

Relative effect size (female) 2.4% 4.3%

Controls Yes Yes

Video fixed effects Yes Yes

Observations 12,356,563 12,356,563

R-squared 0.203 0.099

Notes: ***p<0.01; **p<0.05; *p<0.1. Values in parentheses are robust standard

errors.

5. Mechanism Analysis

5.1. Comment Consumption

So far, we have shown that gender-aware curation algorithms, compared to gender-neutral
ones, can boost users’ comment consumption. We next investigated the underlying mechanism
and proposed that this effect was driven by improved personalization of comments shown.
Prior research on curation algorithms (Adomavicius et al. 2008, Sun et al. 2024) suggests that
personalization directs users toward more niche and personally relevant content, which can increase
user engagement and satisfaction. If gender-aware curation enhanced personalization, we should
observe that treated users were recommended fewer popular comments. To test this, we examined
the average popularity of first-level comments browsed by users.?® Popularity is measured by the
log-transformed average number of views (PopularityView,;), likes (PopularityLike;;), and replies

(PopularityReply;;) received by all the first-level comments browsed by user ¢ on video j. We then

2 This is calculated as: 0.0004 / 0.017 = 2.4%.

23 This is calculated as: 0.0003 / 0.007 = 4.3%.

24 This is calculated as: (-0.001 + 0.0004) / 0.020 = -3.0%.
25 This is calculated as: (-0.0004 + 0.0003) / 0.007 = -1.4%.

26 This is because the curation algorithm on Platform A ranks first-level comments.
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re-estimated Equation (1) using these three metrics as alternative dependent variables. As shown
in Table 9, treated users were exposed to less popular (i.e., more niche) comments. Specifically,
the average views, likes, and replies of browsed first-level comments decreased by 4.0%, 3.7%, and
2.0%, respectively. These findings support our proposition that gender-aware curation improved

personalization, thereby increasing comment consumption.

Table 9 Effect of Gender-Aware Curation on Recommended First-Level Comment Popularity

Variables PopularityView  PopularityLike  PopularityReply
(1) (2) (3)
Treat -0.041*** -0.038*** -0.020***
(0.0002) (0.0003) (0.0003)
Relative effect size -4.0% -3.7% -2.0%
Controls Yes Yes Yes
Video fixed effects Yes Yes Yes
Observations 12,356,563 12,356,563 12,356,563
R-squared 0.953 0.952 0.929

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. Values in parentheses are robust
standard errors. PopularityView, PopularityLike, and PopularityReply are
log-transformed.

5.2. Comment Production

We next examined why the gender-aware curation algorithm produced asymmetric effects on
comment production, increasing the likelihood of commenting among female viewers while
decreasing it among male viewers. Prior research has shown that men value self-presentation and
are more motivated to engage when they can assert unique perspectives (Cross et al. 2011, Coates
2015), whereas women are motivated by a desire for social connection and shared understanding
(Wardhaugh and Fuller 2021, Griskevicius et al. 2006, Venkatesh and Morris 2000). We therefore
posit that gender-aware curation discourages male commenting by reducing opportunities for

self-presentation, while it encourages female commenting through enhanced perceived belonging.

5.2.1. The Self-Presentation Effect for Male Users

We conducted two analyses to examine whether the observed decline in male comment production
under gender-aware curation can be attributed to self-presentation motives. First, prior research
suggests that audience size shapes individuals’ willingness to share self-presenting content (Oh
et al. 2023, Barasch and Berger 2014). If self-presentation motives underlie the observed decline,
male users with a larger follower base in the treatment group should exhibit stronger reductions

in comment production. To test this proposition, we extend Equation (2) by adding interaction
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terms of ProducerFollower;; with both Treat; and Male;, as well as a three-way interaction between
Treat;, Male;, and ProducerFollower;; specified as:

DV1,;; = Ao + A1 Treat; + Ay Male; + A3 ProducerFollower;; + Ay Treat; x Male;
+ A5 Treat; x ProducerFollower;; + A¢ Male; x ProducerFollower;; (3)

+ A7 Treat; x Male; x ProducerFollower;; + As Controls;; +v; + €5,
where A7 is the focal model coefficient of interest. Columns (1) and (2) of Table 10 report the
estimation results when DV1;; refers to CommentDuration and PostComment, respectively. The
coefficient of the three-way interaction term is not significant in Column (1). In contrast, the
coefficient is significantly negative (p-value < 0.01) in Column (2), indicating that male users with
larger follower bases reduce their comment production more strongly under gender-aware curation.
This finding provides empirical support for the proposed self-presentation motives for male users,
and further demonstrates that the motivations underlying consumption and production indeed

differ (Phang et al. 2015, Oh et al. 2023).

Table 10 Heterogeneous Impact of Gender-Aware Curation Algorithm by Number of Followers

Variables CommentDuration  PostComment
(1) (2)
Treat 0.004* -0.001***
(0.002) (0.0002)
Male -0.012*** 0.002***
(0.002) (0.0003)
ProducerFollower -0.003*** 0.003***
(0.0003) (0.00005)
Treat x Male 0.003 0.003***
(0.003) (0.004)
Treat x ProducerFollower 0.0002 0.0004***
(0.0004) (0.0001)
Male x ProducerFollower 0.001*** 0.001***
(0.0004) (0.0001)
Treat x Male x ProducerFollower -0.001 -0.001***
(0.001) (0.0001)
Controls Yes Yes
Video fixed effects Yes Yes
Observations 12,356,563 12,356,563
R-squared 0.139 0.201

Notes: ***p<0.01; **p<0.05; *p<0.1. Values in parentheses are robust
standard errors. CommentDuration is standardized for data confidentiality.

Second, the desire for self-presentation is often manifested in higher information or content
quality that users produce (Barasch and Berger 2014). To test whether male users exhibit such
tendencies more strongly than female users, we examined the information quality of comments

posted by control group users.?” This analysis includes only observations where user ¢ posted at

2T Analyses of control group data allow us to identify baseline gender differences in comment quality, as the control
group was not affected by the experimental manipulation.
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least one comment for video j. If male users are indeed driven by self-presentation incentives,
comments of male users should display higher information quality than those of female users. We
operationalized information quality through multiple measures as follows.

First, we calculated the proportion of simple interaction comments posted by user 7 on video j
(Simplelnteraction;;). These comments are usually characterized by low-effort and generic content
(e.g., “agree” or “reasonable”), offering limited informational value. Comments were classified
as simple or complicated using Platform A’s proprietary classification algorithm?®®. Second, we
used language richness, a widely-used concept in linguistic studies, as a proxy for information
quality (Qiao et al. 2020). Specifically, we considered three key linguistic metrics: (1) lexical
density (LezicalDensity,;), which captures the proportion of content words (such as nouns, verbs,
and adjectives) relative to the total number of words, with higher values reflecting stronger
informational content; (2) lexical variation (Lezical Variation;;), which measures the ratio of unique
words to total words, representing vocabulary diversity and linguistic complexity; and (3) entropy

(Entropyij), which quantifies text unpredictability and is computed as:

Entropy = — Z P, log P, (4)

k=1
where P, represents the probability of each unique word %k in the comments. Entropy reflects
linguistic variability, with higher values indicating greater unpredictability in word usage. Third, we
used the average comment length (Length,;) as a proxy for information quality, as longer sentences
often reflect more complex reasoning and higher cognitive effort.

To analyze these textual attributes, we employed an OLS regression with robust standard errors,

specified as:
DVQU = 9[) + 91 Mdlei + 02 COTLtTOlSij + Y; + Mij (5)

where DV2;; represents the textual attributes of comments posted by commenter ¢ of video 7, v;
denotes video fixed effects, and 7;; is the error term. Other variables are consistent with those used
in Equation (1). The focal coefficient of interest is 6;. Regression results are presented in Columns
(1)-(5) of Table 11.

The results support our proposition. Column (1) shows that male users were 1.2% less likely to
post simple interaction comments than female users. In Columns (2)-(4), the positive coefficients
of Male indicate that comments posted by male users exhibited richer informational content, with
lexical density, lexical variation, and lexical entropy values exceeding those of female users by 0.017,
?® The classification algorithm was trained on a large dataset of comments from Platform A, with part of the data

labeled by human annotators and the rest automatically labeled by GPT-4. The model distinguishes multiple comment
categories and achieves around 90% accuracy overall.
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0.022, and 0.089 units (5.0%,%° 5.4%, and 9.1%, respectively). Additionally, results in Column (5)
show that male users wrote longer comments, with an average length of 5.2%3" greater than that of
female users. Taken together, these findings consistently suggest that male users tend to produce
comments with higher informational value. This supports the argument that male users are more
likely to comment when they can contribute novel or distinctive content (Coates 2015), consistent

with male users’ stronger self-presentation motivation (Oh et al. 2023).

Table 11  Gender Differences in Comment Information Quality (Control Group)

Variables Simplelnteraction Lexical Density LexicalVariation FEntropy Length
1) (2) (3) (4) (5)
Male -0.012*** 0.017*** 0.022*** 0.089"** 0.051***
(0.003) (0.003) (0.003) (0.010) (0.007)
Control baseline (female) 0.210 0.340 0.409 0.974 4.494
Relative effect size 5.7% 5.0% 5.4% 9.1% 5.2%
Controls Yes Yes Yes Yes Yes
Video fixed effects Yes Yes Yes Yes Yes
Observations 91,148 91,148 91,148 91,148 91,148
R-squared 0.370 0.627 0.686 0.652 0.700

Notes: ***p<0.01; **p<0.05; *p<0.1. Values in parentheses are robust standard errors. Length is log-transformed.
This table is based on observations in control group where user i posted at least one comment on video j (147,834
observations), as comment attributes are undefined otherwise. Videos with only a single commenting user provide
no within-video variation and are absorbed by video fixed effects, leaving 91,148 observations for estimation.

5.2.2. The Consensus-Seeking Effect for Female Users

Next, we test the proposition that female users place a greater value on consensus and
community-building (Cross et al. 2011, Coates 2015). As an alternative dependent variable in
Equation (5), we first examined the proportion of comments that explicitly tag friends, a behavior
often linked to seeking agreement, reinforcing social bonds, and fostering connection (Huang et al.
2017). Column (1) of Table 12 shows that male users were 28.1%?' less likely to tag friends in their
comments, supporting the proposition that women engage more actively in community-building
behaviors. This aligns with prior research suggesting that women tend to share ideas within close
networks rather than through public discussions (Brescoll 2011, Coates 2015).

We then turn to analyze the emotional tone of the comments, with the expectation that
consensus-oriented communication should correlate with affirmative or praiseworthy language
(Leaper and Ayres 2007). To test this, we first analyzed the share of comments classified as

positive®*. As shown in Column (2) of Table 12, male users posted a 5.7% lower share of

29 This is calculated as: 0.017 / 0.340 = 5.0%. The same calculation method is applied subsequently.
30 This is calculated as: exp(0.051) - 1 = 5.2%.

31 This is calculated as: (-0.047) / 0.167 = -28.1%.

32 This classification is provided by Platform A.
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positive comments than female users. We further examined neutral and negative comments.
Columns (3) and (4) show that male users posted 1.0% more neutral comments and 12.1% more
negative comments than female users. These results consistently suggest that female users tend
to communicate in a more positive and affirming tone, while male users are relatively more
likely to adopt neutral or critical styles. This aligns with prior research showing that women
are more inclined toward cooperative, consensus-building dialogue and tend to avoid adversarial
exchanges (Griskevicius et al. 2006, Coates 2015, Leaper and Ayres 2007). Combined with our
earlier finding that gender-aware curation algorithms increased commenting incidence among
female users but decreased it among male users, the gender differences in comment sentiment
suggest that such curation enhances comment diversity by adding more emotionally affirming and
community-oriented perspectives.

Furthermore, we examined gender differences in comment-liking behavior, using a binary
indicator of whether a user liked any comments on a video (LikeComment;;). Based on control
group data, Column (5) shows that male users were 25.9% less likely to like others’ comments than
female users. Interestingly, this finding contrasts with our earlier result that male users were 25%
more likely to post comments. This may be because commenting often reflects a desire to express
personal opinions, but liking others’ comments is often seen as a form of communal affirmation,
which signals agreement and a willingness to engage in consensus-oriented interaction. This is
consistent with prior research suggesting that men prioritize distinctiveness and status-seeking over
community building (Cross et al. 2011), and with evidence that women are more likely to engage

in prosocial behaviors than men (Soutschek et al. 2017).

Table 12 Gender Differences in Consensus-Seeking Behaviors (Control Group)

Variables TagFriend  Positive  Neutral Negative LikeComment
(1) (2) (3) 4) (5)
Male -0.047*** -0.012"** 0.008"* 0.004*" -0.007"*
(0.003) (0.003) (0.003)  (0.002) (0.0002)
Control baseline (female) 0.167 0.209 0.758 0.033 0.027
Relative effect size -28.1% -5.7% 1.0% 12.1% -25.9%
Controls Yes Yes Yes Yes Yes
Video fixed effects Yes Yes Yes Yes Yes
Observations 91,148 91,148 91,148 91,148 5,920,955
R-squared 0.547 0.366 0.406 0.337 0.086

Notes: ***p<0.01; **p<0.05; *p<0.1. Values in parentheses are robust standard errors.
Columns (1) to (4) are based on observations in control group where user i posted at least
one comment on video j (147,834 observations). Videos with only a single commenting user
provide no within-video variation and are absorbed by video fixed effects, resulting in 91,148
observations for estimation. Column (5) uses the full control group sample unconditional on
posting any comments. Videos with only one observation are likewise absorbed by video fixed
effects, leaving 5,920,955 observations.

As an alternative test of the consensus-seeking effect, we examined whether the positive impact of

gender-aware curation on females’ comment production was weaker in female-dominated categories
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than in male-dominated or gender-neutral ones. The rationale is that in female-dominated
categories where community bonds and like-minded perspectives are already strong, gender-aware
curation should provide less incremental value. Consistent with this expectation, we find that
the positive effect of gender-aware curation on females’ comment production is smaller in
female-dominated categories, while no such heterogeneity is observed for male users (see Table D.2

in Online Appendix D).

6. Additional Analyses and Robustness Tests
This section is devoted to further discussions and analyses to supplement our main results. The

detailed regression results are relegated to Online Appendix E.

6.1. Effects of Gender-Aware Curation Algorithm on User Engagement Over Time
As our main analyses rely on data from the first treatment day, one potential concern is that the
observed outcomes may be driven by short-term novelty effects. To address this, we extended the
analyses to a three-week period (October 315" to November 19" 2023) to assess the treatment
effects on user engagement in terms of comment consumption and comment production over time.
We aggregated variables at the user-day level and replicated the main analyses in Section 4. Table
E.1 and Table E.2 show qualitatively consistent results. These findings indicate that gender-aware
curation fosters long-term engagement rather than short-term novelty-driven responses, reinforcing

its potential in shaping sustained user engagement via comments.

6.2. Analyses of Comment Exposure

To assess how the gender-aware curation algorithm altered the comments shown to users, we
analyzed two dimensions of comment exposure: (a) gender homophily (whether users were shown
more comments posted by users of the same gender), and (b) controversialness (whether users were
exposed to more debatable or contentious comments). We find no evidence that the treatment
increased gender homophily, as both male and female users were less exposed to female-authored
comments. However, male users were more likely to be shown controversial comments, consistent

with their greater preference for debatable content (Table E.3).

6.3. Effects of Gender-Aware Curation on Textual Features of User Comments

In Section 4.2, we show that the gender-aware curation algorithm affected users’ likelihood of
commenting, with effects varying by gender. A natural follow-up question is whether gender-aware
curation also changed how users commented, i.e., the characteristics of the comments users posted.
To investigate this, we used the comment features introduced in Section 5.1 (e.g., lexical richness,
lexical density, and length) as outcome variables in Equation (2). As shown in Table E.4, the
coefficients of Treat and its interaction term with Male are statistically insignificant across all
measures, suggesting that the treatment shaped the likelihood of posting comments but did not

change the style or informational quality of comments.
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Figure 3 Data Inputs for Treatment and Control Algorithms in the Follow-Up Experiment

6.4. Gender-Based Heterogeneity with Alternative Curation Data Inputs

To examine whether the gender-based heterogeneity in comment production observed in Section 4.2
is specific to gender-aware curation or can also be observed when other types of user data
are incorporated, we conducted a follow-up field experiment in June 2024. In this additional
experiment, the comment curation algorithm for the control group incorporated two types of
features: (1) users’ gender data and (2) comment attributes. For the treatment group, the
algorithm used the same features as in the control group and additionally incorporated users’
historical engagement with comments (e.g., browsing duration, likes, and replies)(see Figure 3).
We re-estimated the econometric models in Section 3.5 based on the follow-up experimental
data. As shown in Table E.8, we find no significant treatment effect on comment production or
heterogeneous effects across genders. This is plausibly because the engagement data in our context
primarily capture consumption rather than production behaviors and therefore did not reproduce

the heterogeneous production effects observed under gender-aware curation in Section 4.2.

6.5. Alternative Operationalization of Variables

We employed alternative operationalizations of comment production to ensure the robustness of
our results. Specifically, we replaced the binary indicator of whether a user commented on a video
with the total number of comments user ¢ posted for video j (CommentNum,;), a count measure
that captures both the occurrence and intensity of commenting. Results in Table E.9 are consistent

with our main findings.

7. Conclusions and Discussion

7.1. Discussion of Findings
Our study, which examines the causal impact of a gender-aware curation algorithm on user

engagement in the comment sections of a UGC platform for short videos, reveals several key
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findings. First, we find that incorporating gender data into curation algorithms significantly
enhances such engagement by improving personalization. Specifically, our gender-aware comment
algorithm increased users’ browsing time in the comment section by 1.0%, compared to a
gender-neutral approach. Moreover, we did not observe heterogeneous treatment effects on
comment consumption across genders. This is plausible because both men and women generally
enjoy viewing content that matches their preferences (Bakshy et al. 2015), so gender-aware curation
boosted browsing behavior similarly across groups. This finding is consistent with recent IS
research showing that adding personal attribute data to curation systems can improve engagement
(e.g., Sun et al. 2024). However, unlike prior studies that considered personal attribute data in
aggregate, our study isolates gender, a distinct and behaviorally salient personal attribute, and
shows that incorporating it into the curation algorithm can boost user engagement. This addresses
an open question in the data anonymization literature (Kosinski et al. 2013, Xu and Zhang 2022)
about whether explicit gender data adds value beyond gender-related preferences inferred from
engagement data, and complements research on gender-based behavioral differences (Varma et al.
2023, Venkatesh and Morris 2000) by confirming systematic differences between men and women
in engagement patterns and content preferences.

Second, beyond comment consumption, we find that the gender-aware algorithm influences
comment production, but in a heterogeneous way: male users were 3.5% less likely to comment,
whereas female users were 2.6% more likely to do so. Mechanism analyses suggest that this
asymmetry effect was driven by differing commenting motives across genders: male users aim to
assert individual perspectives for self-presentation purposes, whereas female users are prompted
by a desire for community belonging. These findings extend prior research on curation algorithms
(Zhou et al. 2025, Bakshy et al. 2015), which has primarily measured engagement through
consumption, by showing that curation can shape engagement along the production dimension.
Because UGC platforms rely on both consumption and production to sustain success, recognizing
production as a key dimension of engagement is essential. Our results also advance the research on
user engagement on UGC platforms (Huang et al. 2019, Baek and Shore 2020) by highlighting the
overlooked role of curation algorithms in influencing the production of engagement, and contribute
to research on gender-based behavioral differences (Varma et al. 2023) by demonstrating how
gender-specific motivations interact with algorithmic design to produce asymmetric engagement
responses by gender.

Finally, because female users in our setting were 25% less likely to comment than males, the
observed increase in female commenting under gender-aware curation carries important diversity
implications. By encouraging engagement from an underrepresented group, gender-aware curation

can enhance the gender diversity in online engagement. Moreover, because attributes of comments



Zhang et al.: The Effect of Gender-Aware Curation Algorithm on User Engagement

29

(e.g., emotional tone, friend tagging) systematically differ between male and female users, greater
gender diversity also implies improved content diversity in online discussions. This complements
emerging evidence in the IS field that IT can improve engagement among underrepresented
populations (e.g., Jeong et al. (2022)) and suggests practical pathways for platforms seeking more

inclusive and balanced engagement.

7.2. Theoretical Contributions
Our work offers several theoretical contributions as follows. First, we contribute to the curation
algorithm research stream (Zhou et al. 2025, Sun et al. 2024) by presenting the first causal evidence
that integrating gender data into these algorithms enhances user engagement on UGC platforms.
This finding also enriches data anonymization research (Kosinski et al. 2013, Xu and Zhang 2022) by
demonstrating that explicit gender information adds value beyond what engagement data captures.
Moreover, we extend this literature by enriching the operationalization of user engagement, moving
beyond consumption to incorporate production behaviors as a complementary dimension.
Second, we contribute to research on user engagement on UGC platforms (Xu et al. 2021, Huang
et al. 2019) by highlighting the previously underexplored role of gender-aware curation algorithms
in shaping user engagement on UGC platforms. More importantly, we take this literature one
step further by revealing significant gender-based heterogeneity in the effects of gender-aware
curation on user engagement. Specifically, we find no heterogeneous treatment effects on comment
consumption. In contrast, for comment production, gender-aware curation increased participation
among female users while reducing it among male users. These novel findings enrich curation
algorithm research (Sun et al. 2024, Li and Tuzhilin 2024) by highlighting the need to incorporate
user heterogeneity and motivation differences when developing and evaluating curation algorithms.
Third, we extend broad research on gender-based behavioral differences (Varma et al. 2023,
Venkatesh and Morris 2000) by investigating how gender-aware curation algorithms shape user
engagement. Although prior studies have established that men and women differ in engagement
motivations, these studies have largely overlooked algorithmic influences. We take this literature one
step further by demonstrating how gender-aware curation algorithms interact with gender-specific
motivations to produce asymmetric comment production responses, increasing comment production

among female users while reducing it among male users.

7.3. Practical Implications

Our findings offer several insights for platform operators of UGC platforms. First, we suggest
platforms integrate users’ gender data into curation algorithms to boost UGC consumption, as
our findings show that the gender-aware approach extends users’ browsing duration in comment

sections, relative to gender-neutral approaches. This operational strategy can extend to broader
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UGC contexts like video feeds and article recommendations, particularly where female and male
users exhibit distinct content preferences. However, we also caution that this approach is more
suited to enhancing personalization and may be less appropriate when platforms seek to foster
exposure to a more diverse range of content. Moreover, we caution that prolonged user engagement
can be associated with increased screen time, which in turn may lead to well-being issues and
addiction risks (Fassi et al. 2025). This issue may be especially relevant when the platform’s main
content consumers are young children.

Second, our results indicate that gender-aware curation asymmetrically impacts comment
production, with female users increasing comment production and male users decreasing theirs. To
address the decline, platforms could implement gender-specific strategies, such as presenting male
users with fewer like-minded opinions (e.g., comments that challenge typical male perspectives)
to stimulate unique contributions while offering female users more ideologically consistent content
(e.g., comments aligning with prevailing female views) to reinforce community bonds. Additionally,
platforms could incorporate content production metrics or assign them greater weight in algorithm
objectives to alleviate the decline in male users’ content production (Wang et al. 2025).

Third, our mechanism analyses indicate that the consensus-seeking effect for female
users is stronger in gender-neutral and male-dominated content categories. Consequently, in
resource-constrained settings, platforms could prioritize applying gender-aware curation algorithms
in these areas for female users. Moreover, because gender-aware curation may discourage content
production for male users, platforms could adopt targeted curation strategies that consider
both the user’s gender and the nature of the content (e.g., category or topic). For example,
gender-aware algorithms can be selectively applied for female users in male-dominated categories,
while gender-neutral or more diverse recommendation strategies may be used for male users to

avoid over-personalization and support continued contribution.

7.4. Limitations and Future Research

The limitations of our work open up interesting avenues for future research. First, our analyses
focus on the comment sections of short-video platforms, which are mainly entertainment-oriented.
Future research could extend this investigation to knowledge-oriented platforms, such as Q&A
forums like Quora, Stack Overflow, or Zhihu, where the nature of user engagements may differ. In
entertainment-driven environments, commenting behavior is often influenced by social engagement
and low-cost participation, whereas in knowledge-sharing platforms, contributions require higher
cognitive effort, domain expertise, and reputation. Understanding how gender-aware curation
operates in these distinct settings could offer deeper insights into its broader applicability across

different digital ecosystems. Second, although our study focuses on the impact of incorporating
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the gender of users, future work could explore whether incorporating the gender of both video
producers and comment producers affects curation outcomes. Moreover, exploring the interplay
between gender and other demographic or behavioral factors (such as age or content preferences)

may further refine our understanding of content curation and inform industry practices.
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A. Randomization Check of Recommended Videos

Table A.1 Randomization Check of Recommended Videos (First-Level Categories)

First-Level Category p-value

Military 0.750
Travel 0.997
Education 0.755
Lifestyle 0.612
Entertainment 0.121
Relationships 0.421
Oddities 0.119
Fashion 0.129
Appearance 0.247
Agriculture 0.641
Books 0.647
Comedy 0.460
Real Estate/Home 0.953
Games 0.787
Film/TV /Show 0.511
Selfie 0.598
Pets 0.321
Sports 0.480
Humanities 0.872
Current Affairs 0.969
Astrology /Mysticism  0.584
Other 0.719
Art 0.910
Parenting 0.578
Fitness 0.765
Anime/Manga 0.277
Food 0.524
Photography 0.245
Finance 0.656
Dance 0.157
Beauty 0.905
Health 0.743
Automotive 0.416
Technology 0.471
Music 0.972
Science 0.614
Notes: Values represent

p-values from ¢-tests comparing
treatment and control groups,
based on each user’s average
share of recommended videos
by first-level categories,
without conditioning on
opening the comment section.
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B. Pearson Correlation Matrix of Focal Variables

Table B.1 Pearson Correlation Matrix of Focal Variables

m @ 6 @ G 6 @O @ (¢ @) a1y @312 d13)

(1) Treat 1

(2) CommentDuration 0.00 1

(3) PostComment 0.00 0.13 1

(4) Male 0.00 002 001 1

(5) PostDate 0.00 -0.01 -0.01 o0.01 1

(6) Follower 0.00  0.00 0.00 0.00 0.00 1

(7) Experience 0.00 0.01 -0.05 0.00 -0.04 0.01 1

(8) VideoUpload 0.00 -0.01 0.08 -0.08 0.00 0.09 -0.08 1

(9) ProducerMale 0.00 0.02 0.00 0.30 0.00 0.00 0.01 -0.03 1

(10) ProducerFollower 0.00 000 -0.01 -0.01 -0.04 0.00 0.05 -0.01 0.03 1

(11) ProducerEzperience 0.00 0.00 -0.02 -0.03 -0.05 0.01 0.12 -0.01 0.02 0.17 1

(12) VideoDuration 0.00 0.06 -0.02 0.01 0.03 0.00 0.05 -0.04 0.04 0.01 0.00 1

(13) ContentType 0.00 0.01 -0.05 0.04 0.00 0.00 0.06 -0.08 0.10 0.05 0.02 0.20 1
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C. Randomization Check: One Week Before Treatment

Table C.1  Randomization Check Results (One Week Before the Experiment)

Variables Full Sample Male Users Female Users
1) (2 3)

CommentDuration 0.315 0.498 0.409
PostComment 0.981 0.439 0.444
Male 0.458 - -
PostDate 0.280 0.478 0.422
Follower 0.247 0.164 0.905
Ezxperience 0.568 0.678 0.698
Video Upload 0.271 0.846 0.211
ProducerMale 0.612 0.105 0.176
ProducerFollower 0.979 0.296 0.247
ProducerEzperience 0.756 0.777 0.813
VideoDuration 0.683 0.787 0.407
ContentType 0.744 0.467 0.247

Notes: Values represent p-values from t-tests comparing the treatment
and control groups. The first column reports results for the full
sample, while the second and third columns report p-values for male
and female users separately. A dash (-) indicates the variable is not
applicable for the subgroup.
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D. Heterogeneous Effects in Female-Dominated Video Categories

In Section 5.2.2, we examined comment production behaviors across genders to uncover the
social motivations driving female users’ engagement. Building on these findings, we employed an
alternative approach to test whether gender-aware curation leads to a greater sense of confidence,
consensus, and belonging among female users, which may explain their increased engagement in
comment production. We introduced FemaleCategory;, a dummy variable equal to 1 if video j
belongs to a female-dominated category. A category was classified as female-dominated if both the
proportion of female users and the proportion of female commenters exceeded 60%.'. These metrics
were calculated based on control group data covering 35 first- and 210 second-level video categories.?
To ensure accuracy, we manually reviewed the classifications and validated them using large
language models. The details of the classified female-dominated categories are presented in Table
D.1. Most identified female-dominated categories (e.g., Beauty-Cosmetics and Fashion-Wedding)
align with widely recognized gender-specific interests. To examine heterogeneous treatment effects,

we estimated the following OLS regression with robust standard errors:
PostComment;; = By + 1 Treat; + 32 Treat; x FemaleCategory;) + Bs Controls; + y; + 0y (6)

where d;; is the error term. 3, is the focal model coefficient of interest.? We estimated Equation (6)
separately for male and female users. Column (1) of Table D.2 shows a negative interaction term
between T'reat and FemaleCategory (B2 = —0.0007, p-value < 0.01), indicating that the positive
effect of the gender-aware curation algorithm on comment production for female users was 3.0%
weaker in female-dominated categories compared to gender-neutral or male-dominated categories.
Specifically, the treatment increased female commenting likelihood by 3.5%* in gender-neutral
or male-dominated categories, but only by 0.4%° in female-dominated categories. These results
show that female users experienced a weaker comment-production-boosting effect in contexts
where like-minded content and community bonds are already strong, supporting our proposition
that gender-aware curation increases female participation by fostering confidence and community
belonging. For male users, Column (2) shows that the interaction term is not statistically significant
(B2 = 0.0003, p-value > 0.1), indicating no heterogeneous effects across different video categories.
! This 60% threshold is widely used in practice. For instance, government guidelines (Ontario Pay Equity Office) and

research reports (see page 6 of the Australian Fair Work Commission report) conventionally classify an occupation
as female-dominated if women comprise more than 60% of the workforce.

2 These video categories are provided by Platform A.

3 FemaleCategory; is absorbed by the video fixed effects and its coefficient is not separately identified.
4 This is calculated as: 0.0008 / 0.023 = 3.5%.

® This is calculated as: (0.0008 - 0.0007) / 0.023 = 0.4%.


https://payequity.gov.on.ca/docs/7-3-determining-the-gender-predominance-of-job-classes/
https://www.fwc.gov.au/documents/consultation/gender-based-occupational-segregation-report-2023-11-06.pdf
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Table D.1 Female-Dominated Video Categories

First-Level Category  Second-Level Category Share of Female Share of Female

Commenters Users
(1) () (3) (4)

Beauty Cosmetics 0.85 0.92
Beauty Makeup Imitation 1.00 0.92
Games Dress-up Games 1.00 0.91
Parenting Childrearing 0.74 0.90
Parenting Pregnancy & Childbirth 0.81 0.89
Games Dating Simulation Games 0.80 0.88
Food Mukbang 0.72 0.86
Art Others 0.75 0.85
Games Management Simulation Games 1.00 0.83
Fashion Marketing & Sales 0.74 0.82
Fashion Wedding 0.60 0.82
Beauty Skincare 0.75 0.82
Beauty Others 0.73 0.81
Parenting Kids Sharing 0.67 0.81
Film/TV /Show Variety Shows 0.68 0.78
Games Nurturing Game 1.00 0.78
Education Learning Skills 1.00 0.77
Education Educational Peripherals 0.77 0.75
Oddities Niche Subcultures 0.86 0.75
Parenting Others 0.69 0.75
Entertainment Gossip 0.66 0.75
Film/TV /Show Campus Short Drama 0.72 0.74
Art Handicrafts 0.80 0.73
Games Adventure Games 0.75 0.72
Beauty Cosmetic Procedures 0.66 0.71
Fashion Outfits 0.62 0.71
Photography Gear Photography 0.71 0.71
Books Novels 0.69 0.70
Astrology/Mysticism  Divination & Fortune Telling 0.69 0.70
Beauty Beauty & Wellness 0.69 0.70
Film/TV /Show Historical Short Drama 1.00 0.69
Fashion Others 0.63 0.69
Film/TV /Show Suspense Short Drama 1.00 0.68
Appearance Others 0.61 0.68
Art Art & Design 0.84 0.68
Art Painting 0.74 0.68
Games Casual Puzzle Games 0.75 0.67
Anime/Manga Cool Anime Art 0.64 0.66
Education Academic Education 0.67 0.65
Art Traditional Crafts 0.74 0.63
Appearance Costume Change 0.67 0.63
Food Cooking Tutorials 0.66 0.61

Notes: The share is calculated from the control group data. Values represent proportions of female users.

To ensure robustness, we replicated the analysis using alternative thresholds of 65% and 70% to
define female-dominated categories. As shown in Columns (1) and (3) of Table D.3, the coefficients
of the interaction term between Treat and FemaleCategory remain significantly negative, confirming

the robustness of our results.
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Table D.2

Table D.3

Heterogeneous Effect of Gender-Aware Curation Algorithm on Comment Production Across Video

Types, DV = PostComment

Sample Female Users Male Users
(1) (2)
Treat 0.0008"** -0.001***

(0.0001) (0.0001)
Treat x FemaleCategory -0.0007*** 0.0003

(0.0002) (0.0004)
Control baseline (mean) 0.023 0.026
Relative effect size -3.0% -
Controls Yes Yes
Video fixed effects Yes Yes
Observations 6,628,193 5,473,616
R-squared 0.223 0.192

Notes: ***p<0.01; **p<0.05; *p<0.1. Values in
parentheses are robust standard errors. A dash (-)
indicates the variable is not applicable for the subgroup.

Results Using Alternative Thresholds for Female-Dominated Category, DV = PostComment

Threshold > 65% > 70%

Female Users Male Users Female Users Male Users

(1) (2) 3) (4)

Treat 0.0008*** -0.001%** 0.0007*** -0.0008***
(0.0001) (0.0001) (0.0001) (0.0001)
Treat x FemaleCategory -0.0007***  -0.00003 -0.001%** -0.00004
(0.0002) (0.0005) (0.0004) (0.001)
Control baseline (mean) 0.023 0.026 0.023 0.026
Relative effect size -3.0% - -4.3% -
Controls Yes Yes Yes Yes
Video fixed effects Yes Yes Yes Yes
Observations 6,628,193 5,473,616 6,628,193 5,473,616
R-squared 0.223 0.192 0.223 0.192

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. Values in parentheses are robust standard
errors. A dash (-) indicates the variable is not applicable for the subgroup.
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E. Additional Analyses and Robustness Tests

E.1. Effects of Gender-Aware Curation Algorithm on User Engagement Over Time
As our main analyses rely on data from the first treatment day, one concern is that the observed
outcomes may be partially driven by short-term novelty effects. To address this, we extended our
analyses to a three-week period, from October 315 to November 19", 2023. Due to the large volume
of data over this extended period, estimating effects at the user-video level became computationally
impractical. We therefore aggregated the data at the user-day level and estimated the treatment
effects separately for each of the three weeks to assess how the effects evolved over time. Specifically,

we estimated the following specifications with robust standard errors:

DV1;, = ag + oy Treat; + cy Controlsy, + vy + 1y (7)

DV1,, = Bo + B1 Treat; + B Male; + B3( Treat; x Male;) 4+ B4 Controlsy + vy + (i (8)

where DV1;, represents the two user engagement metrics, i.e., CommentDuration;, (the browsing
duration in minutes that user ¢ spends on comments on day t) and PostComment;; (a binary
indicator for whether user i commented on day t). Controls includes all previously mentioned
control variables, aggregated at the user level. v, denotes the day fixed effects. 9;; and (;; are
error terms. CommentDuration;; is standardized for confidentiality, and highly-skewed variables
are log-transformed.

Table E.1 shows the impact of the gender-aware curation algorithm on comment consumption,
with CommentDuration;; as the dependent variable. Columns (1)-(3) indicate that the coefficients
of Treat remain consistently positive across all three weeks, with the magnitude increasing over
time. In contrast, Columns (4)-(6) show no significant heterogeneous effect across genders. Table E.2
presents the estimation results with PostComment;, as the dependent variable. The coefficients of
Treat in Columns (1)-(3) are not statistically significant. The negative coefficients of the interaction
term between Treat and Male in Columns (4)-(6) reveal consistent heterogeneous effects across
genders, with male users becoming less likely to comment and female users more likely to do so.
The results from both tables are qualitatively consistent with our main analyses in Section 4,
specifically those reported in Table 4, Table 5, Table 6, and Table 7, which are based on the dataset
from the first treatment day. Taken together, these findings suggest that the observed effects in
Section 4 are unlikely to be short-term novelty responses. Rather, the findings reflect longer-term
engagement patterns, which aligns with our experimental design, where users were not explicitly

informed about the algorithmic changes.
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Table E.1 Effects of Gender-Aware Curation Algorithm on Comment Consumption Over Time

Variables CommentDuration CommentDuration
Week 1 Week 2 Week 3 Week 1 Week 2 Week 3
(1) (2) (3) 4) (5) (6)
Treat 0.012%**  (,015***  (,018***  (.011*** 0.015%** 0.014***
(0.001) (0.001) (0.002) (0.002) (0.002) (0.002)
Male -0.086***  _0.088***  _0.116***  -0.087*** = _0.088*%**  _(0.120%**
(0.001) (0.002) (0.002) (0.002) (0.002) (0.003)
Treat x Male 0.002 0.001 0.001
(0.002) (0.003) (0.003)
Relative effect size 1.8% 2.1% 2.3% - - -
Controls Yes Yes Yes Yes Yes Yes
Day fixed effects Yes Yes Yes Yes Yes Yes
Observations 2,595,567 2,021,120 1,568,256 2,595,567 2,021,120 1,568,256
R-squared 0.027 0.034 0.013 0.027 0.034 0.013

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. Values in parentheses are robust standard errors. All
variables are aggregated at the user level. CommentDuration;; is standardized for confidentiality, and
highly-skewed variables are log-transformed. A dash (-) indicates the variable is not applicable for the
subgroup.

Table E.2 Effects of Gender-Aware Curation Algorithm on Comment Production Over Time

Variables PostComment PostComment

Week 1 Week 2 Week 3 Week 1 Week 2 Week 3

(1 ) (3) (4) (5) (6)

Treat 0.0001 0.0004 0.0005 0.001** 0.003*** 0.002**

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Male 0.003%** 0.001 0.003** 0.001 0.004%** 0.004***

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Treat x Male -0.003***  _.0.006*** -0.004***

(0.001) (0.001) (0.001)

Control baseline (male) 0.267 0.281 0.298 0.267 0.281 0.298
Control baseline (female) 0.280 0.290 0.306 0.280 0.290 0.306
Relative effect size (male) - - - -0.7% -1.1% -0.7%
Relative effect size (female) - - - 0.4% 1.07% 0.6%
Controls Yes Yes Yes Yes Yes Yes
Day fixed effects Yes Yes Yes Yes Yes Yes
Observations 2,595,567 2,021,120 1,568,256 2,595,567 2,021,120 1,568,256
R-squared 0.091 0.098 0.095 0.091 0.098 0.095

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. Values in parentheses are robust standard errors. All variables are
aggregated at the user level, and highly skewed variables are log-transformed. A dash (-) indicates the variable is
not applicable for the subgroup.
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E.2. Analyses of Comment Exposure

To examine how the gender-aware curation algorithm influenced the comments shown to users,
we tested whether the treatment increased gender homophily, i.e., whether users were more likely
to see comments produced by users of the same gender. We introduced FemaleCommenter,;,
the proportion of first-level comments shown to user ¢ on video j that female users posted. We
re-estimated Equation (2), using FemaleCommenter;; as the dependent variable. As shown in the
Column (1) of Table E.3, both male and female users were exposed to more comments from male
commenters under the treatment (a; = -0.003, p-value < 0.01), although this shift was slightly
smaller for male users (a3 = 0.001, p-value < 0.01). This suggests that the observed gender-based
differences in exposure were driven primarily by the content of the comments, rather than by the
gender of the commenters.

We then investigated whether the treatment increased exposure to more controversial comments.
We introduced Controversialness;;, defined as the average controversy score of the first-level
comments shown to user i on video j. Following Cheng et al. (2024), the controversy score
for each first-level comment was calculated as the variation in sentiment among its second-level
comments (i.e., the dispersion in the ratio of positive to negative second-level comments), and
was set to missing if the second-level comments were not available. As shown in the Column (2)
of Table E.3, the treatment significantly increased exposure to more controversial comments (ay
= 0.0001, p-value < 0.01), with a stronger effect for male users (a3 = 0.0001, p-value < 0.01).
This finding is consistent with prior studies (Wardhaugh and Fuller 2021) suggesting that men
have a stronger preference for debatable or contentious content. Together, manipulation checks
via three approaches confirm that the gender-aware curation algorithm meaningfully altered which

comments were displayed.

Table E.3 Additional Dimensions of Comment Exposure for Control Group Viewers

Variables FemaleCommenter  Controversialness
(1) (2)
Treat -0.003*** 0.0001***
(0.0001) (0.00001)
Male -0.005%** -0.00004**
(0.0002) (0.00002)
Treat x Male 0.001 *** 0.0001***
(0.0002) (0.00002)
Controls Yes Yes
Video fixed effects Yes Yes
Observations 12,356,563 11,301,075
R-squared 0.761 0.723

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. Values in parentheses
are robust standard errors. Observations where user ¢ did not
browse any second-level comments under video j are excluded
from Column (2), as Controversialness cannot be defined in such
cases.
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E.3. Effects of Gender-Aware Curation on Textual Features of User Comments

Comment production can be viewed as a two-stage process (as shown in Figure E.1): users first
decide whether to post a comment, and then decide what kind of comment to post (i.e., textual
attributes). In the main text (Section 4.2), we showed that the gender-aware curation algorithm
influenced users’ comment production behavior, with effects that varied by gender. A natural
follow-up question is whether the treatment also changed the characteristics of the comments users
produced. To investigate this, we used the comment features discussed in Section 5.1 as outcome
variables in Equation (2). As shown in Table E.4 and Table E.5, the coefficients of Treat and its
interaction term with Male are statistically insignificant across all measures. These findings suggest
that gender-aware curation (compared to the gender-neutral approach) shaped the likelihood of

posting comments but not the style or informational quality of comments.

( Start )

Post
Step 1 Comments
Yes
No
Step 2 Generate Comments

(T

Figure E.1 Two-Stage Process of User Comment Production

Table E.4 Effects of Gender-Aware Curation on Textual Features of User Comments

Variables Simplelnteraction  LexicalDensity  Lexical Variation — Entropy Length
&) (2) (3) (4) (5)
Treat -0.001 0.001 0.003 0.009 0.008
(0.002) (0.002) (0.002) (0.007) (0.005)
Male -0.010%** 0.019*** 0.024*** 0.090***  0.052%**
(0.003) (0.002) (0.002) (0.008) (0.006)
Treat x Male -0.002 -0.004 -0.003 -0.015 -0.012
(0.003) (0.003) (0.003) (0.010) (0.007)
Controls Yes Yes Yes Yes Yes
Video fixed effects Yes Yes Yes Yes Yes
Observations 215,038 215,038 215,038 215,038 215,038
R-squared 0.376 0.635 0.692 0.641 0.696

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. Values in parentheses are robust standard errors. Length is
log-transformed. Columns (1) to (5) are based on observations from both treatment and control groups
where user ¢ posted at least one comment on video j (295,706 observations), since comment attributes are
otherwise undefined. Videos with only a single commenting user provide no within-video variation and are
absorbed by video fixed effects, leaving 215,038 observations for estimation.
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Table E.5  (Continued) Gender Differences in Comment Type Exposure for Control Group users

Variables TagFriend Positive Neutral Negative
(6) ) (8) )
Treat 0.0004*** 0.001 -0.0004 -0.001
(0.0001) (0.002) (0.002) (0.001)
Male -0.007*** -0.009*** 0.006™* 0.004*
(0.0002) (0.003) (0.003) (0.001)
Treat x Male -0.0005"** -0.005 0.004 0.001
(0.0002) (0.003) (0.004) (0.002)
Controls Yes Yes Yes Yes
Video fixed effects Yes Yes Yes Yes
Observations 12,356,563 215,038 215,038 215,038
R-squared 0.073 0.375 0.410 0.308

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. Values in parentheses are robust
standard errors. Columns (7) to (9) follow the same sample definition
as Columns (1) to (5). Column (6) uses the full sample unconditional
on posting any comments. Since each video was viewed by at least one
user in both treatment and control groups, there are always at least two
observations per video, so none are absorbed by video fixed effects.
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E.4. Gender-Based Heterogeneity with Alternative Curation Data Inputs

In the main text (Section 4.2), we showed that incorporating gender data into the curation
algorithm heterogeneously affected comment production between male and female users. To
examine whether this heterogeneity is specific to gender-aware curation or also occurs when other
types of user data are incorporated, we conducted a follow-up field experiment in June 2024. In
this additional experiment, the curation algorithm for the control group incorporated two types of
features: (1) users’ gender data and (2) comment attributes. For the treatment group, the algorithm
used the same features as in the control group and additionally incorporated users’ historical
engagement data with comments (e.g., browsing duration, likes, and replies).

The experiment was conducted from June 7" to June 12°¢, 2024. As the system parameters
were still being adjusted on June 7", we designated June 8" (the first stable day) as the treatment
period and June 6% as the pre-treatment period. Our final sample consisted of 369,266 users
on June 8", with 184,725 users in the treatment group and 184,541 users in the control group.
We collected data on user engagement and attributes at the user, producer, and video levels.
Summary statistics for the treatment period are reported in Table E.6. To validate the experimental
design, we conducted randomization checks using pre-treatment data. Insignificant differences of
key variables in Table E.7 confirm that the treatment and control groups were comparable prior
to the intervention, suggesting that any differences observed during the treatment period can be

attributed to the inclusion of user engagement data in the treatment group.

Table E.6  Summary Statistics of Focal Variables

Variables Mean SD Min Max
Treat 0.500  0.500 0 1
PostComment 0.024 0.152 0 1
Male 0.410 0.492 0 1
PostDate 6.140 8.444 0 38
FExperience 3.765  2.547 0 12.790
Video Upload 1.322  4.093 0 874
ProducerMale 0.502  0.500 0 1
ProducerExperience 4.565  2.649  0.533 13.560
VideoDuration 0.987  1.767 0 110.800
Content Type 0.893  0.310 0 1

Notes: To protect Platform A’s sensitive information, the
summary statistics for CommentDuration, Follower, and
ProducerFollower are not displayed.

We then re-estimated Equations (1) and (2) in Section 3.5 using this new data sample, where
DV1,; denotes CommentDuration;; and PostComment,;. As shown in Column (1) of Table E.8,
the positive coefficient of Treat suggests that incorporating engagement data increased comment

consumption. In Column (2), the interaction term with Male is statistically insignificant, indicating
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Table E.7 Randomization Check Results
Variables Full Sample  Male Users  Female Users
(1) (2) (3)
CommentDuration 0.782 0.790 0.936
PostComment 0.769 0.615 0.389
Male 0.681 - -
PostDate 0.437 0.060 0.389
Follower 0.774 0.316 0.549
FExperience 0.874 0.325 0.404
VideoUpload 0.153 0.643 0.138
ProducerMale 0.492 0.873 0.873
ProducerFollower 0.265 0.446 0.446
ProducerEzxperience 0.424 0.713 0.713
VideoDuration 0.107 0.267 0.267
ContentType 0.837 0.452 0.452

Notes: Values represent p-values from t-tests comparing the treatment
and control groups. The first column reports results for the full sample,
while the second and third columns report p-values for male and female
users separately. A dash (-) indicates the variable is not applicable for

the subgroup.

no evidence of gender-based heterogeneity. These findings are qualitatively consistent with our

main results. However, the insignificant coefficient of Treat in Column (3) indicates no significant

treatment effect on overall comment production, consistent with our main findings in Section 4.2.

In Column (4), the coefficients of both Treat and its interaction term with Male are statistically

insignificant. This suggests that we find no significant treatment effect on comment production or

heterogeneous effects across genders. This is plausibly because the engagement data in our context

primarily capture consumption rather than production behaviors and therefore did not reproduce

the heterogeneous production effects observed under gender-aware curation in Section 4.2.

Table E.8 Impact of Gender-Aware Curation Algorithm on User Engagement
Variables CommentDuration CommentDuration  PostComment  PostComment
(1) (2) (3) (4)
Treat 0.003*** 0.002%** 0.0001 0.0002
(0.001) (0.001) (0.0001) (0.0001)
Male -0.002* -0.003** 0.002*** 0.002%***
(0.001) (0.001) (0.0001) (0.0002)
Treat X Male 0.002 -0.0002
(0.002) (0.0002)
Controls Yes Yes Yes Yes
Video fixed effects Yes Yes Yes Yes
Observations 6,861,498 6,861,498 6,861,498 6,861,498
R-squared 0.145 0.145 0.235 0.235

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. Values in parentheses are robust standard errors.

CommentDuration is standardized for data confidentiality.
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E.5. Alternative Operationalization of Variables

To ensure the robustness of our main findings, we employed alternative operationalizations of
comment production. Since the effects of gender-aware curation on comment production may
depend on how commenting behavior is measured, testing the alternatives helps verify the
consistency and generalizability of our results. We replaced the binary indicator of whether a user
commented on a video with the number of comments user ¢ posted for video j (CommentNum,;).
This count measure captures both the occurrence and intensity of commenting. As shown in

Table E.9, the results remain qualitatively consistent with our main findings.

Table E.9 Results Using Alternative Dependent Variables for Comment Production, DV = CommentNum

Variables (1) (2)
Treat -0.0002 0.003***
(0.001) (0.001)
Male 0.024%** 0.027***
(0.001) (0.001)
Treat x Male -0.007***
(0.001)
Relative effect size (male) - -3.5%
Relative effect size (female) - 2.6%
Controls Yes Yes
Video fixed effects Yes Yes
Observations 12,356,563 12,356,563
R-squared 0.149 0.149

Notes: ***p<0.01; **p<0.05; *p<0.1. Values in
parentheses are robust standard errors. CommentNum is
standardized for data confidentiality.
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