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ABSTRACT

Recommendation algorithms have reshaped how information and attention flow across

digital platforms. Among them, social filtering—curating content through users’ social

networks—has become a defining feature of online engagement. Yet, little is known

about its influence on user-generated content (UGC) contributions. Leveraging a

quasi-experiment on a large Q&A platform that shifted from content-based to social

filtering, this study uncovers a striking paradox: while social filtering fosters greater

user consensus and satisfaction, it substantially undermines UGC contributions. After

the algorithm change, answers per question fell by 44.7%, the likelihood of a question

receiving any answer declined by 32.7%, first response times lengthened by 555.3%,

and the quality of top answers dropped by 6.3%. Meanwhile, upvote ratios increased

by 5.0%, reflecting fewer dissenting votes. Mechanism analyses reveal that social

filtering narrows exposure within homophilic social clusters, reducing opportunities

for diverse knowledge exchange. These findings highlight a critical trade-off in algorithmic

design: recommendation systems that optimize social engagement may inadvertently

erode the informational vitality of online communities.
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INTRODUCTION

Algorithmic recommendation is one of the most intriguing digital technologies in the 21st century.

Its wide adoption on digital platforms has transformed the ways that information is distributed,

filtered, and discovered. A prominent implementation is social filtering, which curates content

based on a user’s online social connections. This algorithm is widely adopted across digital

platforms, including social media (Facebook), Q&A community (Quora), and review sites (Yelp)

(Rodriguez 2020, Yurieff 2020). Prior research shows that social filtering enhances content consumption,

yet its implications for user-generated content (UGC) production remain unclear and underexplored.

On the one hand, social filtering may encourage contributions by creating a sense of belonging and

boosting user loyalty—a view commonly held by many content platforms. On the other hand, by

confining exposure within homogeneous social networks, social filtering may limit the diversity of

perspectives and discussions, potentially depressing the quantity and quality of UGC production.

This can hurt platforms’ ecosystems and long-term sustainability, given that UGC is a critical

driver of user engagement.

This paper aims to fill this research gap by leveraging a large-scale quasi-experiment on Zhihu,

the largest online knowledge-sharing platform in China. Zhihu launched in 2011 as a Q&A

community where users share and seek information by posting questions and answers. Initially,

Zhihu used a content-based filtering (CF) algorithm, distributing content (e.g., questions and answers)

to the subscribers of the topic tags associated with the content. After nearly two years of operation,

without any public notification, Zhihu switched to a social filtering (SF) algorithm, which distributes

content to its creators’ online social networks. This switch from topic-based to social network-

based recommendations provides a unique opportunity for us to study the impact of social filtering

on UGC contributions. In particular, the straightforward algorithm design allows us to uncover

the mechanisms of possible intervention effects. Such transparency is rare in an era where most

platforms’ algorithms are complex and opaque. In addition, the sudden implementation of this

platform-level change minimizes confounding factors that are challenging to address even in controlled

Marketing Science Institute Working Paper Series



experimental settings, such as interference among connected users in online social networks (Su

et al. 2016) and inherent user tendencies (Berman and Katona 2020).

We obtained comprehensive data from Zhihu that records the full online history of user content

contributions, voting, subscriptions, and social networking. We apply a regression discontinuity

in time (RDiT) framework (Hausman and Rapson 2018) to assess the short-run effects (up to 90

days) of the algorithm change on content contributions. Our analysis primarily focuses on user-

contributed answers to newly posted questions over our study period, examining their quantity,

quality, and viewer engagement through voting. The identification strategy relies on the assumption

that, absent the algorithmic change, user behaviors would have evolved smoothly around the

intervention date. We demonstrate the plausibility of this assumption using both institutional

context and empirical evidence, and further reinforce validity with a series of robustness checks,

including placebo tests that rule out unobservable confounding shocks.

Our main results show that the intervention led to substantial declines in both the quantity and

quality of user-generated answers on Zhihu: the average number of answers per question fell by

44.7%, the odds of a new question receiving an answer dropped by 32.7%, the response time of

the first answer increased by 555.3%, and the quality of the best answer per question declined by

6.3%. These effects occurred without materially altering the volume or characteristics of questions

posted. Paradoxically, the decline in answer quantity and quality coincided with a 18.5% reduction

in downvotes and a corresponding 5.0% increase in the share of upvotes per answer, suggesting

more positive feedback and greater consensus from viewers.

We identify two parallel mechanisms driving the reduction in answer quantity and quality,

both rooted in changes to the content distribution channel. First, social filtering constrains the

question dissemination scale. The reduced visibility limits the likelihood that a question will be

seen by users who are both willing and able to respond, potentially reducing the quantity and

quality of answers it receives. Empirical evidence supports this mechanism: questions posted by

low-follower askers—who thereby have lower visibility under social filtering—experience greater

reductions in both quantity and quality of answers received. Second, social filtering changes the
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exposure composition by increasing the likelihood of content dissemination within homophilic

online social clusters. While this inflates the consensus among users who engage with the same

content, it can also suppress the diversity of discussions and perspectives, potentially reducing

answer volume and quality. Consistent with this mechanism, we find that the negative intervention

effects on answer contributions are more pronounced for questions from askers with high social

network homophily, where homophily is defined based on content interests and quantified using

machine learning methods.

Our research findings have important implications for platforms, creators, and policymakers.

First, platforms should exercise caution when deploying algorithms to group like-minded individuals.

While exposing content to homophilic audiences may foster consumption and satisfaction, it may

also suppress the diversity and richness of discussions, thereby reducing the quantity and quality of

UGC, which are critical factors for long-term platform sustainability. Second, platform evaluations

of recommendation algorithms should incorporate multiple engagement metrics to obtain a comprehensive

assessment. In our case, the social filtering algorithm improves voting-based metrics; if the

platform’s evaluation relies solely on voting-based measures, it may erroneously conclude that

the algorithm has positive effects. Third, while our findings highlight the potential drawbacks of

social filtering, the presence of strong user homophily in online social networks suggests the value

of leveraging social network data to uncover user content preferences. In sum, these implications

advocate for a more balanced approach to algorithmic curation, acknowledging that optimizing

for engagement/consumption alone may come at the cost of knowledge production, diversity, and

long-term platform health.

The rest of this paper is organized as follows. We first review the relevant literature. Then,

we introduce the research context and data, followed by the description of the empirical approach.

We present the intervention effects on content contributions and an extensive exploration of the

mechanisms in three separate sections. We conclude with a discussion.
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LITERATURE REVIEW

This paper relates to and contributes to two streams of literature: (1) the impact of recommendation

algorithms on user behaviors, and (2) the role of user homophily in social networks. Below, we

discuss each stream and highlight how this paper advances the existing literature. For ease of

comparison, we summarize relevant empirical studies in Table 1 along a few dimensions.

Prior research has extensively examined how recommendation algorithms influence content

consumption on digital content platforms (e.g., Chiou and Tucker 2017, Hosseinmardi et al. 2021,

Athey et al. 2021, Liu and Cong 2023, Peukert et al. 2024). These studies have shown that (non-

social) algorithms can shape user preferences, change engagement, and even polarize content

consumption. However, the impact of algorithms on content contribution remains underexplored.

While some theoretical work has explored how algorithms might affect creators’ incentives through

monetary rewards or traffic boosts (Berman and Katona 2020, Qian and Jain 2024), empirical

evidence is scarce. This paper expands the research scope by providing one of the first empirical

studies on how recommendation algorithms, particularly social filtering, affect content contributions.

By leveraging an exogenous and transparent change in algorithm design, we isolate the effects

of social filtering and demonstrate that it can affect both content quantity and quality through

changing the scale and composition of the content distribution channel.

Note that Liu and Cong (2023) leverages the same intervention to pursue distinct research

objectives, standing from a perspective that is fundamentally different from ours. Their analysis

primarily focuses on social tie formation and content consumption (i.e., whom to follow and

which topics to subscribe to), while offering only a platform-level overview of the intervention

effects on answer quantity. They find that social filtering enhances social engagement and content

consumption by motivating users to follow established contributors, thereby exposing them to

valuable niche content that they might not have otherwise discovered. In contrast, our paper

examines answer contributions in depth. Moving beyond a macro-level overview, we adopt a

micro-level perspective, analyzing newly posted questions and their answers in terms of quantity,
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efficiency, quality, contributor identity, and viewer engagement. This micro-level approach enables

us to document declines in both the quantity and quality of contributions and to uncover the

mechanisms driving these adverse effects. Thus, our paper and Liu and Cong (2023) are distinct

yet complementary, together offering a comprehensive view of the multidimensional effects of

social filtering on platform ecosystems.

Our paper also relates to the literature on user homophily. User homophily, the tendency of

individuals to associate with others who share similar traits, has been widely documented in social

networks (McPherson et al. 2001). Prior research has explored how homophily is associated with

individual and market-level outcomes, such as the diffusion of information (Centola 2011) and the

formation of social ties (Lewis et al. 2012). In the context of content platforms, Goldenberg et al.

(2023) shows that creators can leverage homophily to expand their reach by targeting influencers

within their existing networks. To our knowledge, this paper offers the first causal evidence

on how curation algorithms affect homophily in content distribution. We document that social

filtering algorithms amplify exposure homophily, which is associated with increased consensus

but reduced contributions. This finding sheds light on how platforms can leverage or circumvent

user homophily to influence content generation and user discussions. In addition, we introduce

an embedding-based machine learning framework to quantify user interest similarity concretely,

which can be applied in academia and practice.

EMPIRICAL APPROACH

Research Context

Zhihu is the largest Q&A community in China, with key features being very similar to Quora.

Users can seek knowledge, expertise, and experiences by asking questions. When posting questions,

users usually attach relevant topic tags, which help categorize inquiries for easier navigation.
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Figure 1: An Example of A Question and Its Answers

Questions typically receive multiple answers, which are ranked based on crowd-sourced voting

behavior. See an example in Figure 1. The voting function allows users to express agreement or

disagreement on answers through upvotes or downvotes.1 In addition, users can subscribe to topic

1For upvotes, Zhihu displays the total counts and the identities of users who upvote an answer—clicking on the
upvote count reveals a list of upvoters. For downvotes, both the total counts and voter identities are concealed from
both the public and answer contributors (see Figure 1). Thus, we believe that the downvote can relatively better reflect
user opinions than the upvote, as it is less influenced by social pressure or popularity bias.
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tags and questions or follow other users. It has been reported that the majority of Zhihu users are

interested in discussing topics of interest or in sharing their own experiences/opinions (Graziani

2018). Therefore, fostering authentic and engaging user discussions remains a key aspect of user

experience on Zhihu, which is also true for many online social media platforms.

Each user’s homepage displays a personalized feed of recent Q&A threads, accounting for

over 40% of user activity on the platform during our study period. Initially, Zhihu utilized a CF

algorithm, which shares content (e.g., questions and answers) with the subscribers of topic tags

associated with the content. However, on August 16, 2012, Zhihu transitioned to an SF algorithm

without any public announcement, distributing user-contributed questions and answers and user-

initiated activities (such as voting and subscription) to the user’s followers.2 Zhihu also announced

the algorithm change to users shortly after its actual implementation through a Q&A thread. This

algorithm change was motivated by Zhihu’s belief that leveraging user-created social networks

could create a sense of belonging and increase user engagement.

To understand the effects of this algorithm change, it is important to clarify the nature of users’

social networks on Zhihu around the intervention time. The platform did not provide separate,

dedicated social spaces such as social groups at that time; instead, all social interactions were

content-oriented. Therefore, following another user primarily reflected interest in their shared

knowledge and expertise rather than offline friendship. Consequently, when Zhihu switched to a

social filtering algorithm, users’ feeds became organized around the activities of their followees,

meaning the content each user saw was directly shaped by the contributions/activities of people

they chose to follow. This suggests that the algorithm leveraged pre-existing content-driven social

networks to determine exposure, rather than introducing a separate social layer.

2Zhihu was still in its early stage in 2012, and its recommendation algorithm was relatively simple, which makes
our setting ideal for exploring the underlying mechanisms. A few key aspects of the social filtering algorithm are
noteworthy. First, users who had not followed anyone before the intervention saw empty feeds afterward; they may
have to rely on a non-personalized “Area” tab, which typically contained popular Q&A threads across a few broad
topical areas. These users were typically inactive and had minimal impact on our empirical estimates. Second, the
algorithm only leveraged first-degree connections, ignoring second-degree connections. Third, users who subscribed
to specific questions received private message notifications whenever new answers were posted, but they were not
exposed to other content from those answerers unless they also chose to follow them.
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Data Description

Zhihu provided comprehensive historical data on all registered users. This dataset includes

a wide range of activities: posting questions and answers, voting on answers, subscribing to

questions and topic tags, and following other users. Given our research objectives, we limit our

study period to a 181-day window, including 90 days before and after the intervention date, to

ensure a substantial sample of new postings while minimizing confounding variability such as

seasonality. Within this window, we focus on newly created questions, their associated answers,

and user engagement (i.e., voting) with these answers.

Table 2: Summary Statistics of Q&A

Variables Mean Std. Min Max
Question Characteristics

Num. related topic tags 1.99 1.87 0 20
Num. answers 2.19 4.77 0 252
Num. subscribers 7.17 21.77 0 2,099

Answer Characteristics
Num. upvotes received 2.05 10.80 0 1,008
Num. downvotes received 0.35 1.49 0 301

Note: This table is based on 116,741 questions (and their
corresponding answers) created within our 181-day study
window. All variables represent the cumulative counts within the
first two weeks following the creation of a question or answer.

A total of 116,741 questions and 284,419 associated answers were created over our study

period. Table 2 reports some summary statistics. On average, a question was linked to 1.99

topic tags, received 2.19 answers, and attracted 7.17 subscribers within the first two weeks of

posting. Approximately 85% of answers and 82% of subscriptions occurred within the very first

day of posting. An average answer received 2.05 upvotes and 0.35 downvotes within the first two

weeks, of which approximately 95% happened within the first day. Given the short lifespan of

Q&A threads, our analysis throughout the paper is based on user interactions with content within

the first day of content creation.3 This focus captures the most timely and valuable responses
3The only exception is the first-answer response time, defined as the time elapsed between a question’s creation
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Table 3: Summary Statistics of Users

Askers Answerers Voters

Mean Std Mean Std Mean Std
Num. followers 47.82 1,138.21 75.13 1,445.78 65.12 1347.77
Num. followees 22.37 245.04 28.19 263.27 28.77 246.31
Num. questions contributed 4.38 21.59 4.14 21.36 3.83 20.79
Num. answers contributed 13.39 64.74 20.50 73.59 17.51 70.39
Num. questions subscribed 39.02 252.14 53.96 281.87 54.48 273.79
Num. topic tags subscribed 18.23 51.74 22.83 58.99 22.98 59.24

Note: The left (middle) panel describes the 41,418 (35,506) users who posed at least one question
in our study period (who answered at least one of these questions within the first day of question
creation). The right panel describes the 38,324 users who voted on any of these answers within
the first day of answer creation. All variables are the cumulative counts by the intervention date.

for content creators, ensures comparability across content posted at different times, and reflects

interactions most likely shaped by the platform’s content distribution mechanisms.

Table 3 provides summary statistics for users who engaged with the content summarized in

Table 2. These users either asked a question (41,418 askers), answered a question (35,506 answerers),

or voted on an answer (38,324 voters). Answerers tend to have a larger follower base, reflecting

their roles as content experts and the reputational benefits of contributing answers on Zhihu. In

contrast, askers and voters generally have fewer followers, consistent with their different roles in

the content ecosystem.

Measuring Answer Quality Using LLMs

Measuring answer quality for large-scale user-generated Q&A platforms like Zhihu is very

challenging due to the subjectivity of language, diversity of expression, the platform’s wide topical

coverage, and the specialized expertise required to evaluate content across domains. Traditional

methods, including manual annotation and supervised machine learning, face significant limitations.

Human labeling is costly, slow, and often lacks the domain expertise needed for nuanced or factual

and its first answer. We include cases in which the first answer arrives after the first day of question posting to fully
capture variations in the efficiency of answer contributions.
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evaluation (Snow et al. 2008, Pavlick and Kwiatkowski 2019), while machine learning models

typically fail to generalize beyond their training data and cannot reliably assess deeper semantic

qualities such as insightfulness or coherence (Taghipour and Ng 2016, Verma et al. 2021). To

overcome these challenges, we leverage LLMs, which are pre-trained on vast and diverse corpora

and thus possess broad factual knowledge, strong reasoning ability, and high consistency across

topics. Recent computer science literature (Zheng et al. 2023, Liu et al. 2023) has also proved that

LLMs enable scalable, domain-agnostic, and semantically nuanced assessments of content quality.

Web Appendix A provides all the details on our scoring framework and how to operationalize it

using LLMs. We provide a brief summary here. According to literature in automated essay grading

and Q&A evaluation (e.g., Agichtein et al. 2008, Anderson et al. 2012, Stab and Gurevych 2014,

Roy et al. 2023), we designed a five-dimensional evaluation rubric: (Expected) Answer Length,

Logic & Structure, Grammar & Diction, Relevance, and Accuracy / Insight. Each criterion is

clearly defined on a 7-point scale to ensure consistency across diverse answer types. LLMs are

prompted as professional evaluators, using a fixed system instruction and the embedded rubric,

to assess each answer given the corresponding question title and details. Then, we compute

a composite quality score for each answer as a weighted average across the five dimensions,

assigning weights of 0.1 to (Expected) Answer Length, 0.3 to Accuracy / Insight, and 0.2 to each

of the remaining three dimensions.4 This structured and transparent prompting design ensures that

the evaluation process is systematic, replicable, and interpretable across models.

We verify the reliability and validity of our prompt design through cross-model and behavioral

validation. Specifically, we apply the same evaluation prompts to 18,142 answers associated with

5,000 randomly sampled questions, using six frontier LLMs (GPT-4o, GPT-5, Claude 3.7 Sonnet,

Gemini 2.5 Pro, DeepSeek V3.1, and Qwen3-235B). As shown in Table 4, the Cronbach’s alpha

values across all five dimensions exceed 0.74, demonstrating strong inter-model consistency and

confirming that our evaluation is not sensitive to any single LLM’s idiosyncrasies. Moreover, the

derived quality scores exhibit moderate and statistically significant correlations with user voting

4Our results remain consistent when equal weights are applied across all dimensions.
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outcomes: Pearson r = 0.254 for upvote count and r = 0.349 for upvote ratio, both at p < 0.01.

This finding reinforces the construct validity of our quality measures, while acknowledging that

voting reflects additional social and contextual factors.

Table 4: Inter-Model Consistency of Quality
Ratings

Dimension Cronbach’s Alpha
(Expected) Answer Length 0.748
Grammar & Diction 0.756
Logic & Structure 0.882
Relevance 0.864
Accuracy / Insight 0.867
Total Score 0.847

Note: The sample size is 18,142 answers. Quality
scores are derived independently from six LLM
models: GPT-4o, GPT-5, Claude 3.7 Sonnet, Gemini
2.5 Pro, DeepSeek V3.1, and Qwen3-235B.

We finally proceed to implement our evaluation framework at scale. For cost and computational

efficiency, we employ a single model, GPT-4o, for evaluating all answers in the full dataset,

using deterministic settings and automated safeguards to ensure robustness and data integrity. All

284,419 new answers generated during our study period were evaluated in a single batch in May

2025, thereby avoiding any variation that could arise from subsequent model updates. We find that

the quality of an average answer is 3.17 (SD = 1.52); the mean and standard deviation of answer

quality within each question are 3.15 and 1.27, respectively.

Identification Strategy

The key identification challenge is to construct a credible counterfactual outcome in the absence

of the intervention against which we can compare the outcome after the intervention. We achieve

such causal identification using the RDiT design (Hausman and Rapson 2018), which requires

fewer assumptions than other non-experimental methods like difference-in-differences or instrumental

variables, thus offering potentially more credible insights (Lee and Lemieux 2010). Because of
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these advantages, RDiT has been increasingly applied to various marketing problems (e.g., Ozturk

et al. 2019, Vana and Lambrecht 2021, He et al. 2021).

Our approach aggregates all outcome variables at the platform-day level to assess the impacts

of the algorithm change. Following the standard specification of the RDiT, we model the log-

transformed outcome of interest Yt on day t as

ln(Yt) = α+βA f tert +δ1 f (t)+δ2 f (t)×A f tert +δ3Xt + εt , (1)

where A f tert indicates the switch from zero to one at the intervention date.5 The vector f (t)

contains a polynomial time trend to flexibly control for smooth changes that would persist in the

absence of the intervention. The interaction term f (t)×A f tert allows the trend to differ on either

side of the intervention date. We consider lower polynomial orders ranging from one to three and

determine the best order using the Bayesian information criterion (BIC) (Hausman and Rapson

2018). The control variable Xt represents various temporal factors that may influence the outcome

on day t: day-of-week fixed effects, month fixed effects, and the (log-transformed) daily number

of new users and topic tags, respectively. The key coefficient, β, indicates the multiplicative effect

of the intervention on the outcome of interest Yt . If β is smaller (larger) than zero, we interpret it

as indicating the average level of Yt decreased (increased) by 100× (1− eβ)% (100× (eβ − 1)%)

after the intervention.

An RDiT design is well-suited to our study context for several reasons. First, the intervention

was implemented simultaneously for all users, creating an immediate and uniform shift in overall

user activity. While it may have taken individual users some time to notice the changes in their

feeds and adjust their online behaviors, the platform-wide impact was instantaneous. Second, there

was no anticipatory behavior from users since the platform did not announce the intervention in

advance. Finally, although user activity is influenced by various unobserved factors, the RDiT

framework allows these factors to vary nonlinearly over time, as long as these factors were not

5As the intervention took place around noon on August 16, 2012, the observation for that day is removed when
estimating the model, ensuring that the full treatment effect is captured by β.
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discontinuous at the time of the intervention (Lee and Lemieux 2010).

Our key identification assumption is that in the absence of the intervention, there would be

no sudden discontinuity in user behavior around the intervention date. We assume that user pre-

intervention behavior forms a valid counterfactual for user behavior in the days immediately after

the intervention, conditional on observed temporal shocks and a highly flexible and smooth time

trend. We believe that this assumption holds in our context for several reasons. First, according to

the platform, no other major changes were made to the Zhihu interface around the intervention date.

Second, our RDiT specification controls for key observable and unobservable changes influencing

user behavior, ensuring us to isolate the effect caused solely by the intervention (Hausman and

Rapson 2018). Third, as our robustness checks will demonstrate, there is no evidence of significant

discontinuities in observed control variables around the intervention date.

It is worth noting that RDiT primarily captures short-term effects due to its reliance on local

temporal variation around the intervention date (Hausman and Rapson 2018, Ozturk et al. 2019).

While extending the analysis window beyond 90 days might seem desirable for detecting long-term

impacts, economic theory suggests this would not resolve the fundamental limitation: without

a control group, post-intervention time trends become increasingly confounded by unobserved

secular changes (Heckman et al. 1998). Thus, a longer time window will not necessarily enhance

the robustness of the estimates because RDiT relies on the cutoff discontinuity.

EFFECTS ON CONTENT CONTRIBUTIONS

This section examines the intervention effects on content contributions, focusing on the quantity,

efficiency, and quality of user-generated answers. We show at the end of this section that the

intervention had no significant influence on question contributions.
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Dependent Variables

We measure answer quantity in three complementary dimensions. For each question, we

measure the number of answers received by question q (AnsPerQq) and the elapsed time in hours

between question posting and the creation of its first answer (FirstAnsResTimeq). We also track the

proportion of questions posted on day t that receive at least one answer (AnsOddst). For the RDiT

specification in Equation (1), across all questions posted on the same day t, we aggregate AnsPerQq

and FirstAnsResTimeq by the daily average and median, respectively, denoted as AnsPerQt and

FirstAnsResTimet .6

We measure answer quality using the LLM-based quality score. For each question, we calculate

the average, highest, and lowest composite quality scores across answers, denoted as AvgQualityq,

MaxQualityq, and MinQualityq. These measures capture the overall, best, and worst quality

of answers a question receives. Our primary focus is on MaxQualityq, as the best answer is

typically the most valuable to the asker. For the RDiT specification, we compute daily averages

of these metrics across all questions posted on day t, denoted as AvgQualityt , MaxQualityt , and

MinQualityt , respectively.

We measure viewer engagement with answers through voting. For each question, we calculate

the average number of upvotes and downvotes across its answers, and the proportion of upvotes in

total votes, denoted as U pvoteq, Downvoteq, and U pvoteRatioq. A higher U pvoteRatioq typically

reflects greater consensus among viewers regarding an answer.7 To align with the RDiT specification,

we aggregate these measures to platform-day level by averaging across all questions posted on day

t, denoted as U pvotet , Downvotet , and U pvoteRatiot , respectively.

6For FirstAnsResTimeq, questions that remained unanswered by June 2017 (the end of our data availability
window) are coded as missing. In the daily aggregation, we take the median across all questions posted on day t
to mitigate the influence of extreme outliers, such as questions receiving their first answer months later.

7Note that all question-level voting and quality metrics are computed for questions with at least one answer within
the first day of posting.
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Graphical Evidence

We first present graphical evidence of the intervention effects using RDiT graphs, focusing on

a 90-day window before and after the intervention date. Following the literature, we segment the

raw data into several non-overlapping bins, and ensure that there are two separate bins before and

after the intervention date. We then apply a non-parametric kernel regression, using a bandwidth

of seven days, to estimate the trends. This graphical approach not only indicates the presence and

magnitude of discontinuities in the outcomes of interest, but also aids in selecting the appropriate

functional form for our regression models (Lee and Lemieux 2010, Hausman and Rapson 2018).

Figure 2: RDiT Graphs: Answer Quantity-Related Variables

Note: Each RDiT plot shows the raw dependent variable within a 90-day window on either side of the intervention
date. The fitted lines are from kernel regressions with a bandwidth of seven on either side. Odds of Answered is the
proportion of questions posted on day t that receive at least one answer, among all answers posted that day.

Figure 2 displays the RDiT graphs for the quantity-related variables. Immediately following

the intervention, we observe substantial decreases in the number of answers per question and the

ratio of questions being answered, alongside a significant increase in the response time of the

first answers. Figure 3 shows the RDiT graphs for the three quality-related variables. While the

average answer quality did not change, the lowest-quality answers improved, and the quality of

the best answers declined. In contrast, Figure 4 shows a sharp increase in the upvote ratio, driven

primarily by a decrease in the number of downvotes. We interpret these patterns in greater detail

in the next subsection.
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Figure 3: RDiT Graphs: Answer Quality-Related Variables

Note: Each RDiT plot shows the raw dependent variable within a 90-day window on either side of the intervention
date. The fitted lines are from kernel regressions with a bandwidth of seven on either side.

Figure 4: RDiT Graphs: Answer Voting-Related Variables

Note: Each RDiT plot shows the raw dependent variable within a 90-day window on either side of the intervention
date. The fitted lines are from kernel regressions with a bandwidth of seven on either side.

Main Results

We now turn to the regression framework to estimate the intervention effects on answer contributions.

Tables 5 and 6 present the estimation results on answer quantity and quality, based on Equation (1)

using a 90-day window before and after the intervention date. The findings align with the patterns

in Figures 2 and 3. Specifically, the intervention significantly reduced the number of answers per

question by 100× (1− e−0.593) = 44.7% (p < 0.01) and the odds that a new question would be

answered by 100× (1− e−0.396) = 32.7% (p < 0.01).8 The response time for the first answers

also increased by 100× (e1.880 − 1) = 555.3% (p < 0.01), where the large percentage change is

8For AnsOddst , we use a Binomial regression (instead of a linear model) in Equation (1).
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partly attributable to the low pre-intervention baseline. In terms of quality, although the average

answer quality per question did not change significantly (p > 0.1), the quality of the best answer

decreased by 100× (1− e−0.065) = 6.3% (p < 0.01) and that of the worst answer increased by

100× (e0.094 −1) = 9.9% (p < 0.01). These suggest that while quality dispersion narrowed after

the intervention, the quality of the best answers—typically the most valuable to askers—declined.9

Table 5: Effects on Answer Volume.

LnAnsPerQ LnFirstAnsResTime AnsOdds
(1) (2) (3)

A f ter −0.593∗∗∗ 1.880∗∗∗ −0.396∗∗∗

(0.044) (0.162) (0.056)
LnNewUserPlt −0.027 0.090 −0.152∗∗∗

(0.028) (0.103) (0.021)
LnNewTopicPlt −0.060∗∗ 0.031 −0.015

(0.030) (0.111) (0.022)
Fixed Effects Yes Yes Yes
BIC-chosen order 1 1 3
(McFadden) R-sq. 0.903 0.890 0.550

Note: The first two columns report the estimates from linear regressions
of the log-transformed dependent variables using a 90-day window,
while the last column is a binomial regression of the number of answered
questions across all new questions per day. The coefficient on After
captures the change after the intervention. All specifications include
day-of-week and month fixed effects, the two continuous controls listed,
and separate polynomial terms in the pre- and post-intervention periods,
with order chosen by BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

Such effects have important negative consequences for Zhihu, as both the quantity and quality

of answers are critical to sustaining the platform’s ecosystem. Quantity matters because Q&A

platforms rely on a steady volume of answers to foster community vitality and downstream engagement,

such as viewing and voting (Cao et al. 2024). The volume of answers also determines the likelihood

that an asker receives feedback, which in turn promotes their retention, reciprocal participation,

and social connections within the community (Cheng et al. 2014). Therefore, a decline in answer

quantity can trigger a cascade effect of reduced user engagement. Quality, particularly that of
9In addition to the composite quality score, we also construct AvgQuality, MaxQuality, and MinQuality measures

analogously across individual evaluation dimensions—(Expected) Answer Length, Logic & Structure, Grammar &
Diction, Relevance, and Accuracy / Insight. The estimated intervention effects are robust across all dimensions (see
Web Appendix B).
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the best answer, is equally important, as users typically seek not just any answer but the most

insightful, authoritative, or practically useful one (Li et al. 2020). These top-tier answers drive

user satisfaction, earn the most engagement, and differentiate the platform from low-quality or

generic sources (e.g., search results). When the best answers decline in quality, the platform loses

its most valuable content that attracts returning users, garners high visibility, and reinforces trust

in the platform’s expertise (Deng et al. 2015). Given the importance of answer contributions, it

is essential to uncover the underlying mechanisms through which social filtering diminishes both

contribution quantity and quality.

Table 6: Effects on Answer Quality-related Metrics.

LnAvgQuality LnMaxQuality LnMinQuality
(1) (2) (3)

A f ter 0.008 −0.065∗∗∗ 0.094∗∗∗

(0.009) (0.009) (0.012)
LnNewUserPlt 0.014∗∗ 0.011∗ 0.017∗∗

(0.006) (0.006) (0.008)
LnNewTopicPlt −0.008 −0.012∗ −0.004

(0.006) (0.006) (0.008)
Fixed Effects Yes Yes Yes
BIC-chosen order 1 1 1
R-sq. 0.513 0.586 0.844

Note: This table reports the estimates from linear regressions of the log-
transformed dependent variables using a 90-day window. The coefficient
on After captures the change after the intervention. All specifications
include day-of-week and month fixed effects, the two continuous controls
listed, and separate polynomial terms in the pre- and post-intervention
periods, with order chosen by BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

Voting-related results further underscore the importance of exploring underlying mechanisms.

As shown in Table 7, the intervention led to a 100× (1− e−0.204) = 18.5% drop in Downvote and

a corresponding 100× (e0.049 − 1) = 5.0% increase in U pvoteRatio. These effects indicate more

favorable feedback and greater consensus from viewers, which stands in contrast to the observed

declines in answer quality. This apparent tension motivates an investigation into mechanisms that

can reconcile the multidimensional intervention effects.
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Table 7: Effects on Voting-related Metrics.

LnU pvoteRatio LnU pvote LnDownvote
(1) (2) (3)

A f ter 0.049∗∗∗ −0.030 −0.204∗∗∗

(0.013) (0.058) (0.057)
LnNewUserPlt 0.012 −0.084∗∗ −0.131∗∗∗

(0.008) (0.037) (0.037)
LnNewTopicPlt −0.001 −0.022 0.002

(0.009) (0.040) (0.039)
Fixed Effects Yes Yes Yes
BIC-chosen order 1 1 1
R-sq. 0.388 0.422 0.274

Note: This table reports the estimates from linear regressions of the
log-transformed dependent variables using a 90-day window. The
coefficient on After captures the change after the intervention. All
specifications include day-of-week and month fixed effects, the two
continuous controls listed, and separate polynomial terms in the pre-
and post-intervention periods, with order chosen by BIC. ∗∗∗p< 0.01,
∗∗p < 0.05, ∗p < 0.1.

Robustness Checks

To affirm the validity of our RDiT design and the robustness of our main findings, we conduct

a series of analyses, including considering alternative polynomial orders, performing donut RD,

adding lagged dependent variables, adding lagged controls, using a shorter time window specification,

placebo tests, and checking discontinuity in key control variables. Below is a summary of our

approaches and key insights, with detailed results available in Web Appendix B.

Alternative polynomial orders. We replicate our analysis using all polynomial orders from

one to three. Orders beyond three are not considered because high-order polynomials can lead

to overfitting problems or noisy estimates (Gelman and Imbens 2019). Our main findings remain

consistent across polynomial orders, albeit with slight differences in effect sizes.

Donut RD. A potential concern is that user behaviors around the intervention date may be

distorted by short-run avoidance or anticipation, such as resistance to the algorithm change immediately

after the intervention or behavioral adjustments in anticipation of the change. Such behaviors
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may bias the estimation of the intervention effects. To mitigate this concern, we employ a donut

RD design (Hausman and Rapson 2018, Barreca et al. 2011), excluding data from one to three

days immediately before and after the intervention date and re-estimating the discontinuity on the

remaining sample. The estimation results remain virtually unchanged, alleviating the concerns of

short-run anticipation or avoidance.

Potential serial correlations. To address possible serial correlations in time-series data, we add

lagged dependent variables over the past three days in Equation (1). This addition does not alter

the magnitude or significance of our findings. The presence of a discontinuity in autoregressive

models is strong evidence for the validity of our RDiT design (Lee and Lemieux 2010).

Lagged control variables. To control for potential lagged effects of temporal shocks (e.g.,

fluctuations in new users or topic tags), we extend our model to include these factors over the

preceding two days, separately. These adjustments have minimal impact on the point estimates,

affirming the robustness of our main findings.

Shorter time window specifications. While our main analysis uses a 90-day window to capture a

sufficiently large number of newly posted content, we replicate the analysis using shorter windows

of 30 and 60 days, respectively. We find that our key findings remain consistent, with slight

differences in the magnitudes of effect sizes.

Placebo tests. We examine whether our estimated effects also appeared when they should

not. Such evidence would cast doubt on our assumption that the intervention date is unrelated

to discontinuous changes in the unobservable determinants of platform-level user activity. We

consider two placebo periods: one using a 45-day window around July 02, 2012 (the midpoint of

the pre-intervention period in our main specification), and another using a 90-day window around

August 16, 2011 (a year prior to the actual intervention). These placebo tests did not reveal any

significant effects, further strengthening the credibility of our estimation results.

Discontinuities in control factors. We also examine whether any discontinuities exist in control

variables – the daily number of new users and topic tags – that could potentially invalidate our

assumption of smoothness across the intervention date. We find no evidence of significant discontinuities
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in observed control variables around the intervention date.

Remarks on Question Contributions

Given the nature of Q&A communities, the intervention may also cause changes in question

contributions, which in turn lead to changes in answer contributions. To understand this, we

conduct a series of analyses, with details provided in Web Appendix B. First, we examine whether

the intervention affected question contributions, including the daily number of newly contributed

questions on the platform (i.e., NewQuesPlt) and four key question characteristics: the number of

associated tags, the popularity of associated tags, question sentiment (both positive and negative),

and question type. Tag popularity is approximated using the cumulative number of questions

associated with a tag on the platform up to the intervention date. The sentiment scores are derived

from question titles and descriptions using lexicon-based text analysis approaches.10 Each question

is classified into either open- or closed-ended using an XGBClassifier, which is trained on the

DuReader dataset (He et al. 2017) that contains labeled questions from Baidu Zhidao, a Q&A

community similar to Zhihu. We compute the daily average of these question characteristics

across all questions posted on the same day, and use the RDiT model in Equation (1) to estimate

the intervention effects on these characteristics and question quantity. We find no significant

discontinuities in either the volume or characteristics of question contributions.

In addition, we replicate our main analysis for answer contributions by including the daily

number of new questions as a control variable in Equation (1). The parametric estimates for

all dependent variables remain largely unchanged. Therefore, we conclude that the intervention

did not cause systematic changes in question quantity and characteristics, and the previously

reported changes in answer contributions were direct effects of the intervention, rather than through

changing question contributions.

10We apply the Python package cntext that contains Chinese sentiment dictionaries. See https://github.com/
hiDaDeng/cntext/.
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EFFECTS ON DISTRIBUTION CHANNEL

The key distinction between the SF and CF algorithms lies in their distribution channels. Under

CF, content is delivered to subscribers of related tags, while under SF, content is delivered to

creators’ followers. If the intervention operated as designed, we would expect to see increased

exposure among creators’ followers. While we do not have access to actual exposure data (which

the platform did not continuously store during our study period), we approximate distribution

effects using actual engagement patterns. Our approach is reasonable in this context because

the algorithm’s design is simple and transparent, and the observed engagement patterns provide

a reliable proxy that closely reflects the characteristics of exposure. This analysis serves as a

manipulation check to assess whether the intervention functioned as intended, laying the foundation

for our mechanism analysis, which rests on specific characteristics of the distribution channel.

Let A(q) denote the set of answers to question q, and F(q) indicate the set of users who had

followed question q’s contributor before q was posted. Let A(q|F(q)) indicate the subset of answers

to question q that were contributed by users in F(q). Similarly, V (a) denotes the set of users who

voted on answer a, F(a) denotes those who had followed the answer a’s contributor before a was

posted, and V (a|F(a)) denotes the subset of votes to answer a that were cast by users in F(a). We

let Q(t) denote the set of questions posted on day t. We consider the daily average number/ratio of

answers from askers’ followers,

FollowerAnsNumt =
1

|Q(t)| ∑
q∈Q(t)

|A(q|F(q))| (2)

FollowerAnsRatiot =
1

|Q(t)| ∑
q∈Q(t)

|A(q|F(q))|
|A(q)|

(3)
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and the daily average number/ratio of votes from answer contributors’ followers,

FollowerVoteNumt =
1

|Q(t)| ∑
q∈Q(t)

1
|A(q)| ∑

a∈A(q)
|V (a|F(a))| (4)

FollowerVoteRatiot =
1

|Q(t)| ∑
q∈Q(t)

1
|A(q)| ∑

a∈A(q)

|V (a|F(a))|
|V (a)|

(5)

Figure 5: RDiT Graphs for Distribution Channel: Follower Engagement

Figure 5 displays the RDiT graphs for the four variables, each showing a pronounced increase

immediately after the intervention. The RDiT estimates based on Equation (1) confirm these

patterns: for an average question, the intervention increased the number (ratio) of answers from

the asker’s followers by 100× (e0.652 − 1) = 91.9% (100× (e0.892 − 1) = 144.0%) (p < 0.01);

for an average answer, it increased the number (ratio) of votes from the answerer’s followers by

100× (e0.303 − 1) = 35.4% (100× (e0.358 − 1) = 43.0%) (p < 0.01). Web Appendix C presents

the detailed estimates and various robustness checks, which show consistent findings. Beyond

first-degree followers, we also examine engagement from contributors’ broader social circles,

recognizing that first-degree followers may further distribute content to higher-degree connections.
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The results are robust to this alternative measure. All details are reported in Web Appendix C.

Taken together, these findings confirm that the intervention operated as designed, distributing

content among contributors’ online social networks and thereby substantially increasing engagement

from contributors’ followers. These findings also suggest that some characteristics of the distribution

channel likely drive the negative intervention effects on answer contributions. In the following two

sections, we document the role of distribution scale (the extent to which content is distributed) and

network homophily (the attributes of the audience), respectively.

THE ROLE OF DISTRIBUTION SCALE

We begin with the distribution scale, as it is typically the most fundamental characteristic of a

distribution channel. Intuitively, a question with broader visibility is more likely to be seen by users

who are both willing and able to respond (Liu and Jansen 2013). As such, the scale of distribution

is likely to influence both the quantity and quality of answers that a question receives.

Comparing the Distribution Scale

We approximate and compare the distribution scale under the two algorithms. Consider a user

U(q) who posts a question q tagged with a set of topic tags T (q). Let S( j) indicate the set of

subscribers of tag j ∈ T (q) and F(u) be the set of followers of the user. Under the CF algorithm,

the potential audience for question q includes all users subscribed to any topic tag in T (q); but it

is confined to users in F(u) under the SF algorithm. Therefore, we approximate the distribution

scale of each question q, denoted by DisScaleq, as:

DisScaleq =


∑ j∈T (q) |S( j)| if q created before the intervention

|F(uq)| otherwise
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We examine all the questions created during our study period. We find that the average

subscriber size (average ∑ j∈T (q) |S( j)| across questions) is 7,770 (SD = 14,087), but the average

follower size (average |F(u)| across questions) is only 545 (SD = 5,784), significantly lower than

the average subscriber size (p < 0.01). An alternative explanation is that each question may have

multiple tags, naturally inflating ∑ j∈T (q) |S( j)|. To rule out this explanation, we compare the

individual tags to users. Among the 353,140 users and 63,666 topic tags on Zhihu before the

intervention, the average user had only 2 followers (SD = 482), whereas the average topic tag had

61 subscribers (SD = 1,246), with this difference being statistically significant (p < 0.01). These

findings suggest that social networks serve as a narrower distribution channel than topic subscriber

networks, likely due to differences in how attention is allocated between users and tags.

Effects on Content Contributions by Network Scale

We hypothesize that the reduction in content distribution scale, in part, explains the observed

declines in answer quantity and quality. If this mechanism is at work, the reduction in answer

quantity and quality should be more pronounced for questions raised by low-follower askers,

whose content faces particularly constrained reach under the social filtering algorithm. We test

this prediction by examining the heterogeneity in the intervention effects by asker follower size.

For each question, we focus on the key quantity and quality metrics: AnsPerQq and MaxQualityq.

We classify questions into two groups based on whether the asker’s follower count by the intervention

date (|F(uq)|) exceeds the median among 41,418 askers who posted at least one question during our

study period. For each group, we aggregate question-level characteristics to the platform-day level

and re-estimate the RDiT specification in Equation (1) for AnsPerQt and MaxQualityt . Table 8

reports the results. Consistent with our expectation, both quantity and quality decline more sharply

for questions from low-follower askers. For quantity, the reduction is 100× (1−e−0.384) = 31.9%

(p < 0.01) for the low-follower group and 100× (1− e−0.307) = 26.4% (p < 0.01) for the high-

follower group, implying a 20.8% greater reduction among low-follower askers. For quality,
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the decline is 100× (1− e−0.061) = 5.9% (p < 0.01) in the low-follower group and 100× (1−

e−0.046) = 4.5% (p < 0.01) in the high-follower group, indicating a 31.1% larger reduction among

low-follower askers.

Table 8: Heterogeneous Effects on Answer Contributions by Network Scale

Low-Follower Askers High-Follower Askers
Dependent Variable LnAnsPerQ LnMaxQuality LnAnsPerQ LnMaxQuality

(1) (2) (3) (4)
A f ter −0.384∗∗∗ −0.061∗∗∗ −0.307∗∗∗ −0.046∗∗∗

(0.038) (0.011) (0.031) (0.009)
LnNewUserPlt −0.048∗ 0.043∗∗∗ 0.014 0.012∗∗

(0.025) (0.094) (0.020) (0.006)
LnNewTopicPlt −0.017 −1.043∗∗∗ −0.039∗ −0.010

(0.026) (0.094) (0.022) (0.006)
Day-of-week fixed effects Yes Yes Yes Yes
Month fixed effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq 0.678 0.356 0.864 0.432

Note: This table reports the estimates from linear regressions of the log-transformed dependent variables
using a 90-day window. The coefficient on After captures the change after the intervention. All specifications
include day-of-week and month fixed effects, the two continuous controls listed, and separate polynomial
terms in the pre- and post-intervention periods, with order chosen by BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

As an alternative identification strategy, we conduct question-level regression analysis to examine

how the intervention effects vary across askers with different numbers of followers, which is

captured by an interaction term between A f tert and |F(uq)|. The estimation results are presented

in Web Appendix D. As expected, we find that the negative intervention effect is mitigated when

the asker has a larger follower base. In summary, results from both analyses confirm that changes

in content distribution scale explain the observed effects on answer contributions, which is intuitive

given the fundamental role of scale in content dissemination. However, distribution scale alone is

unlikely to cause the paradoxical increase in the upvote ratio. This motivates a deeper examination

of the attributes of the audience in the next section.
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THE ROLE OF NETWORK HOMOPHILY

In theory, individuals tend to connect with others who share similar traits (e.g., interests,

background, etc.) (McPherson et al. 2001). If user homophily is prevalent within Zhihu’s social

networks, the social filtering algorithm would distribute content among users with similar interests.

While greater alignment in content preferences can enhance consensus and satisfaction, it can

also suppress the diversity of discussions and perspectives (Cinelli et al. 2021, Bakshy et al.

2015, Flaxman et al. 2016). Literature demonstrates that individuals from socially distinct groups

embody diverse cognitive resources and perspectives that, when cooperatively combined, produce

ideas, solutions, and designs that outperform those from homogeneous groups (Shi et al. 2019).

Therefore, we hypothesize that network homophily is negatively associated with both the quantity

and quality of answer contributions, particularly the latter. Under this mechanism, the observed

increase in the upvote ratio is likely an “illusion of harmony” — a seemingly positive but potentially

misleading signal that platforms should treat with caution.11

Defining User Embeddings and Network Homophily

To investigate this mechanism, we measure network homophily in terms of content interests.

Quantifying user content interests poses significant challenges in environments like Zhihu, marked

by a vast array of Q&As, sparse user interactions, and the ephemeral nature of Q&A threads.

To tackle these challenges, we employ a machine learning framework designed to effectively

capture latent user characteristics. This framework derives user embeddings by leveraging the

topic tags associated with questions users have interacted with, either by answering or subscribing.

Consequently, we generate two types of embeddings for each user, reflecting content contribution

and consumption interest, respectively.
11We acknowledge that the increase in upvote ratio may also stem from other SF–related factors, such as social

desirability or conformity, rather than homophily alone. For instance, users may feel more reluctant to downvote
content originating from their online social connections. We do not disentangle these factors in this current paper, as
they are consistent with the interpretation of the “illusion of harmony.”
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Our procedure involves the following steps. Let T (q) denote the set of tags associated with a

question q and Om(u) denote the set of questions with which user u has engaged through activity

type m ∈ {A,S} prior to our study period, where A indexes answer contribution and S represents

question subscription.12 We define user u’s embedding for action type m as the average topic

embedding across tags linked to these questions in Om(u),

Im
u =

1
|Om(u)| ∑

q∈Om(u)
Iq =

1
|Om(u)| ∑

q∈Om(u)

1
|T (q)| ∑

j∈T (q)
h j, (6)

where h j is the latent representation of topic tag j ∈ T (q), and Iq denotes the latent representation

of question q ∈ Om(u), defined as the average embedding of its associated tags. Thus, the key

is to obtain the latent representation h for all topic tags. To derive h, we leverage Zhihu’s topic

tree, which organizes topic tags in a “child-parent” hierarchy based on semantic similarities, and

an existing dataset on pre-trained Zhihu topic embeddings (Li et al. 2018), which covers nearly

half of the tags in our study. We input these datasets to a Graph Convolutional Network (GCN)

designed to extract node features from graph-structured data (Kipf and Welling 2016). In our

application, the GCN learns meaningful representations for each topic tag by considering both

its own features (i.e., embeddings) and the features of its neighboring tags in the topic tree. We

demonstrate the validity of the derived topic embeddings through visualization and link prediction.

Technique details are in the Appendix.

For each focal user u’ social network with follower set F(u), we measure its network homophily

by the intervention date as the average pairwise cosine similarity in embeddings among her followers:

SocHomom
u =

2
|F(u)|(|F(u)|−1) ∑

i,i′∈F(u)
Cos(Im

i , I
m
i′ ), (7)

where Cos(.) denotes the cosine similarity between two users’ interest embeddings for action

type m ∈ {A,S}. Analogously, for each topic tag j with subscriber set S( j) at the time of the

12User embedding is set to missing if a user had no answer contribution or question subscription activity before our
study period, or when the questions she interacted with had no tag.
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intervention, we define this network homophily as the average pairwise cosine similarity among

its subscribers:

SubHomom
j =

2
|S( j)|(|S( j)|−1) ∑

i,i′∈S( j)
Cos(Im

i , I
m
i′ ). (8)

We calculate these metrics for users and tags that, by the time of the intervention, have at least two

followers or subscribers with valid embeddings.

Table 9 shows that, on average, SocHomom
u is approximately 32% (p < 0.01) higher than

SubHomom
j .13 This finding indicates that social ties on Zhihu connect users with more similar

content preferences than topical subscriptions, likely because topic subscriptions are less selective

and more influenced by temporal trends. As a result, the social filtering algorithm increased the

exposure within more homogeneous audiences than content-based filtering.

Table 9: Comparing Network Homophily

SocHomou SubHomo j p-value
Mean Std Mean Std

Answering Questions 0.478 0.314 0.363 0.256 0.000
Subscribing Questions 0.561 0.317 0.427 0.263 0.000

Note: SocHomoA
u (SocHomoS

u) are computed for 83,745 (88,410)
users who, by the intervention date, have at least two followers with
valid embeddings. SubHomoA

j (SubHomoS
j ) are computed for 14,621

(15,177) topic tags that, by the intervention date, have at least two
subscribers with valid embeddings.

Effects on Content Contributions by Network Homophily

If the decline in answer contributions is partly driven by increased audience interest homophily,

then we should observe larger effects on answer contributions to questions posted by askers whose

13Note that a single question may be linked to multiple topic tags. When aggregating all subscribers across these
tags, the overall degree of subscriber homophily for a given question is likely even lower than the computed value of
SubHomom

j . Furthermore, beyond the similarity among followers, we find that the average cosine similarity between
a followee and her followers exceeds that between a tag and its subscribers (see Web Appendix E), reinforcing that
social connections embody a stronger degree of network homophily.
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social networks exhibit higher homophily. To test this conjecture, we classify questions into

two groups based on whether the asker’s social network homophily, SocHomoS
uq

, exceeds the

median value among all askers posting at least one question during our study period.14 For

each group, we aggregate question-level characteristics to the platform-day level and re-estimate

the RDiT specification in Equation (1) for AnsPerQt and MaxQualityt . Table 10 reports the

estimation results. We find that both quantity and quality decline more for questions posted by

high-homophily askers. For quantity, the reduction is 100×(1−e−0.264)= 23.2% (p< 0.01) in the

low-homophily group and 100× (1− e−0.379) = 31.6% (p < 0.01) in the high-homophily group,

implying a 36.2% greater reduction among high-homophily askers. For quality, the reduction is

100× (1−e−0.032) = 3.1% (p < 0.01) in the low-homophily group, only about half the magnitude

observed in the high-homophily group. These provide suggestive evidence for the proposed mechanism.

Table 10: Heterogeneous Effects on Answer Contributions by Network Homophily

Low Social Network Homophily High Social Network Homophily
Dependent Variable LnAnsPerQ LnMaxQuality LnAnsPerQ LnMaxQuality

(1) (2) (3) (4)
A f ter −0.264∗∗∗ −0.032∗∗∗ −0.379∗∗∗ −0.061∗∗∗

(0.042) (0.011) (0.051) (0.018)
LnNewUserPlt 0.031 0.016∗∗ −0.009 0.006

(0.027) (0.007) (0.033) (0.012)
LnNewTopicPlt −0.026 −0.007∗∗∗ −0.033 −0.011

(0.029) (0.007) (0.035) (0.012)
Day-of-week fixed effects Yes Yes Yes Yes
Month fixed effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq 0.761 0.337 0.767 0.259

Note: This table reports the estimates from linear regressions of the log-transformed dependent variables using a
90-day window. The coefficient on After captures the change after the intervention. All specifications include day-
of-week and month fixed effects, the two continuous controls listed, and separate polynomial terms in the pre- and
post-intervention periods, with order chosen by BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

In addition, we conduct a question-level regression analysis like before to examine how the

intervention effects vary across askers with different levels of social network homophily, which is

captured by an interaction term between A f tert and SocHomouq . The estimation results are shown

14Results are qualitatively unchanged when using SocHomoA
uq .
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in Web Appendix E. We find that the coefficient on the interaction term is significantly negative for

both quantity (p < 0.1) and quality (p < 0.01), suggesting that the intervention effects are more

pronounced when askers have higher network homophily.

A potential concern is that network homophily may depend on network scale. That is, social

network homophily may inherently be higher among users with fewer followers. However, we

find that the correlation between each question’s social network homophily, SocHomouq , and

distribution scale, |F(uq)|, is only around −0.10 (p < 0.01).15 This low correlation suggests

that the two variables capture distinct aspects of the distribution network. Furthermore, in the

question-level analysis in Web Appendix E, the intervention term between A f tert and SocHomouq

remains significantly negative for MaxQualityq (p < 0.05), even after controlling for distribution

scale. For AnsPerQq, the intervention term becomes statistically insignificant once distribution

scale is controlled for, but the coefficient remains negative. These results suggest that holding

distribution scale constant, social network homophily continues to exert an important moderating

effect, particularly on answer quality. This indicates that the network homophily operates through

a mechanism different from the distribution scale.

Effects on Engagement Homophily

Our analysis thus far has focused on audience homophily, measured by the pre-intervention

network homophily of askers, which provides a clean identification of the proposed mechanism. A

natural question is whether homophily in exposure translates into homophily among the engaged

users. Answers to this question are critical for deepening our understanding of the underlying

mechanism and assessing its potential consequences for the platform.

We begin by measuring user homophily conditional on engagement. There are three roles

associated with a Q&A thread: askers, answerers, and voters. We focus on examining four

types of similarity metrics among these roles: asker-answerer, asker-voter, answerer-answerer, and

15Specifically, the correlation between SocHomoS
uq and |F(uq)| is −0.11 (p < 0.01), and that between SocHomoA

uq

and |F(uq)| is −0.09 (p < 0.01).

Marketing Science Institute Working Paper Series



answerer-voter. Let uq denote the user who asked question q, Uq(a) the set of users who answered

question q, and Uqa(v) the set of users who voted on answer a of question q. We construct the

following engagement-based similarity metrics:

Homo(asker,answerer)m
q =

1
|Uq(a)| ∑

i∈Uq(a)
Cos(Im

uq
, Im

i ) (9)

Homo(asker,voter)m
q =

1
|A(q)| ∑

a∈A(q)

1
|Uqa(v)| ∑

i∈Uqa(v)
Cos(Im

uq
, Im

i ) (10)

Homo(answerer,answerer)m
q =

2
|Uq(a)|(|Uq(a)|−1) ∑

u,i∈Uq(a)
Cos(Im

u , I
m
i ) (11)

Homo(answerer,voter)m
q =

1
|Uq(a)| ∑

u∈Uq(a)

1
|Uqa(v)| ∑

i∈Uqa(v)
Cos(Im

u , I
m
i ) (12)

where A(q) is the set of answers to question q and Cos(·) denotes the cosine similarity between

two users’ interest embeddings.

To apply the RDiT design in Equation (1), we use the daily averages of the above metrics

across all questions posted each day t, denoted as Homo(asker,answerer)m
t , Homo(asker,voter)m

t ,

Homo(answerer,answerer)m
t , and Homo(answerer,voter)m

t . We present the RDiT graph and point

estimates for all eight dependent variables in Figure 6 and Table 11. We observe a significant and

consistent increase immediately following the intervention across all similarity metrics. Specifically,

the similarity between askers and answerers/voters increased by around 10% (p < 0.001); the

similarity across answerers to the same question increased by 5% – 7% (p < 0.001); and the

similarity between answerers and their voters increased by 5% – 11% (p < 0.05). In addition, we

perform a series of robustness checks similar to those in our previous analysis, yielding mostly

consistent findings. Details are available in Web Appendix E.

In summary, these findings suggest that audience homophily, conditional on mere exposure,

translates into homophily among engaged users. This further supports the network homophily

mechanism and underscores its significant implications for user engagement and platform ecosystems.
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(a) Based on Interests in Answering Questions

(b) Based on Interests in Subscribing Questions

Figure 6: RDiT Graphs: Engagement Homophily
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Table 11: Effects on Engagement Homophily

Panel A: Interests in Answering Questions
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

A f ter 0.094∗∗∗ 0.091∗∗∗ 0.055∗∗∗ 0.055∗∗

(0.030) (0.028) (0.010) (0.025)
LnNewUserPlt −0.006 0.014 0.005 −0.002

(0.019) (0.018) (0.006) (0.016)
LnNewTopicPlt 0.038∗ −0.029 0.004 0.001

(0.021) (0.019) (0.007) (0.017)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.331 0.335 0.871 0.157

Panel B: Interests in Subscribing Questions
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

A f ter 0.098∗∗∗ 0.117∗∗∗ 0.068∗∗∗ 0.102∗∗∗

(0.027) (0.026) (0.009) (0.023)
LnNewUserPlt 0.016 0.032∗ −0.006 −0.006

(0.017) (0.017) (0.006) (0.015)
LnNewTopicPlt 0.032∗ −0.006 0.003 −0.011

(0.019) (0.018) (0.006) (0.016)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.243 0.255 0.849 0.246

Note: This table reports the estimates from several linear regression models based on the log-transformed
interest similarity metrics using a 90-day time window. The coefficient of A f ter captures the change in
a dependent variable after the intervention date. All of the specifications include day-of-week and month
fixed effects, the two continuous control variables listed in the table, and separate polynomial terms in the
pre- and post-intervention periods, respectively. The polynomial order is selected using the BIC. ∗∗∗p <
0.01, ∗∗p < 0.05, ∗p < 0.1.

CONCLUSION

This paper investigates the impact of this social filtering function on platforms’ content ecosystem

using a large-scale quasi-experiment on a knowledge-sharing platform. This platform initially used

a content-based algorithm, which distributes content to subscribers of topic tags associated with

the content, and later completely switched to a social filtering algorithm, which distributes content

to the creator’s online social networks. We find that this intervention substantially decreased the

quantity and quality of answer contributions, while slightly increasing the consensus across users

Marketing Science Institute Working Paper Series



who voted for the same answer. We identify two parallel mechanisms driving the observed effects.

First, social filtering limits the dissemination scale of questions. The reduced visibility limits the

likelihood that a question will be seen by users who are both willing and able to respond, potentially

reducing the quantity and quality of answers it receives. Second, social filtering increases the

likelihood of content dissemination within homophilic online social clusters. While this inflates

the consensus among users who engage with the same content, it decreases exposure to potentially

diverse perspectives that may foster answer volume and quality, creating a harmful “illusion of

harmony.” For illustration, Figure 7 visualizes the differential mechanisms of the SF and CF

algorithms.

Figure 7: Overview of the Intervention Effects and Mechanisms

Note: In the final two steps, different colors represent distinct interests. The box with a checkmark indicates upvotes,
while the box with a cross indicates downvotes. The chatbox symbol represents content contributions.

While the actual effects of social filtering algorithms may vary across platforms, the mechanisms

uncovered in our study are general in nature and apply across diverse platforms. First, user

homophily is a well-documented characteristic of social networks, and the relatively limited scale

of user follower size is also evident on other platforms (Wasko and Faraj 2005). For example,

anecdotal evidence from Instagram suggests the limited reach of individual social networks: only

6% of Instagram users have more than 50,000 followers (Dean 2025, Iyanu 2024), yet 50,000 is

merely a modest figure compared to the reach of many Instagram hashtags (Forsey 2023). Second,

many large-scale platforms (e.g., Quora, Reddit, Wikipedia) rely on algorithmic user–content

matching. Although the algorithms differ in design and are not always based on social filtering, the
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core principle—connecting similar users with similar content—remains consistent. In this sense,

our mechanisms, particularly the role of user homophily, extend beyond social filtering to various

homophily-driven algorithms. Third, while answer contribution is a distinctive behavior in Q&A

contexts, it represents a broader category of UGC behaviors, such as reviewing or commenting,

that can be shaped by similar recommendation dynamics. Therefore, our findings yield actionable

insights for platform design well beyond the Q&A domain, with relevance for platforms such as

Reddit, Instagram, as well as niche community forums and review sites.

Our findings imply that while social filtering algorithms may enhance content consumption by

promoting consensus and reducing downvotes, they can significantly harm content contributions.

Platforms should carefully evaluate these trade-offs, as an overemphasis on boosting consumption

metrics could suppress the volume, efficiency, quality, and diversity of user content contributions,

which are vital for sustaining vibrant platform ecosystems. More broadly, this highlights the

importance of evaluating algorithms based on their impact on multiple user behaviors, as focusing

on a single metric may lead to ineffective policy decisions.16

Furthermore, our research findings underscore the need for platforms to carefully balance

homophily-driven recommendations with mechanisms that promote diverse interactions. When

deploying homophily-driven algorithms, managers should consider integrating mechanisms that

expose users to diverse and opinion-challenging viewpoints or occasionally surface content from

outside a user’s “comfort zone.” These insights are particularly relevant and timely in light of the

rise of generative AI tools, which are putting significant pressure on content platforms to increase

traffic and foster genuine discussions and interactions. Lastly, by documenting the negative effects

of social filtering on the platforms themselves, this paper provides valuable insights and levers for

policymakers who seek to regulate platform behavior and mitigate echo chamber phenomena.

16Based on our discussion with the platform, Zhihu did not immediately track the effects of the intervention after its
implementation. The platform may not have been aware of the significant drop in answer contributions, particularly
because the intervention coincided with an increase in social interactions (as documented in Liu and Cong (2023)),
which could have masked early signs of reduced content creation. Nevertheless, approximately one year after the
intervention, Zhihu implemented a hybrid algorithm combining social filtering with content-based filtering, which
remains in use today. This suggests that the platform may eventually learn about the trade-offs between algorithm
designs.
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Our study has several limitations that open fruitful directions for future research. First, we

explore the comparative effects of the SF algorithm against the CF algorithm. Further studies could

expand this to include other types of algorithms. Such research could offer a more comprehensive

understanding of how different types of algorithms influence content creation. Second, the effectiveness

of SF algorithms may vary substantially based on platform-specific characteristics and network

structures. While our findings provide insights into these mechanisms, their empirical magnitude

should be interpreted with caution when extrapolating to other contexts. Future investigations

could explore these heterogeneous effects to better tailor algorithms to specific environments.

Third, our study primarily focuses on the short-term (up to 90 days) impacts of algorithm change,

due to the limitations in our research context and identification strategy. Future work could

investigate the long-term effects of recommender systems on user behavior and community culture

if data and context allow. Fourth, we acknowledge that the increase in upvote ratio may also stem

from other SF-related factors, such as social desirability or conformity, rather than homophily

alone. Future research could delve deeper into the nuanced consumer psychology under social

filtering and examine how these social dynamics shape user evaluations and participation.

APPENDIX

DERIVING TOPIC EMBEDDINGS

The GCN

To construct the GCN model, we start by transforming the topic tree as a directed graph

object G = (V ,E) with N nodes vi ∈ V , edges (vi,v j) ∈ E , and an adjacency matrix A ∈ RN×N .

We consider a one-layer GCN model of size 128 with the following propagation rule: H =

δ(D̂−1/2ÂD̂−1/2XΘ), where Θ is a learnable linear transformation applied to every node; Â =
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A+ IN is the adjacency matrix of the graph G with added self-connections, with IN representing

the identity matrix; and D̂ is the corresponding degree matrix, i.e., D̂ii = ∑ j Âi j. The matrix

X = {⃗x1, x⃗2, ..., x⃗n} is a matrix of node feature vectors. We apply ReLU for the nonlinearity

parameter δ.

To obtain node features, we use pre-trained Zhihu topic embedding from the Chinese-Word-

Vectors repository by Li et al. (2018), which contains 9,612 topic tags present in our data.17 We

train the GCN model using the Deep Graph Infomax (DGI) algorithm (Veličković et al. 2018)

which introduces a contrastive learning objective, where the model aims to distinguish between a

node’s neighborhood (i.e., positive examples) and other random nodes in the graph (i.e., negative

examples). We use the trained GCN model to generate 128-dimensional embeddings for the 20,919

topic tags that were created before the intervention and had at least one subscriber.

Validation with Visualization

We demonstrate the validity of the derived topic embeddings through visualization and link

prediction. In preparation for visualization, we classify all 20,919 topic tags into 17 categories,

including Design, Arts, Business, Careers, Economics & Finance, Education, Food, Healthcare,

Internet, Law, Lifestyle, Music & Games & Movies, Psychology, Reading & Writing, Science

& Technology, Sports, and Travel.18 Each category corresponds to one or more tags on Zhihu’s

topic tree. For example, the category “Law” maps directly to the tag “Law”, while “Science &

Technology” corresponds to both “Science” and “Technology”. Therefore, we create a many-

to-one tag-category mapping that pairs each category with its associated topic tags (hereafter,

“anchor” tags). Note that these anchor tags are typically non-terminal nodes in the topic tree,

meaning that they have child tags and represent broad and important disciplines.

17This Chinese word embedding repository provides word embeddings trained on corpora of different domains,
including Chinese Wikipedia, Baidu Encyclopedia, Zhihu, and Weibo. Its Zhihu word embeddings are trained on a
mass of textual data comprising 32,137 answers and 3,239,114 questions on Zhihu. These embeddings exhibit good
performances on sentiment classification and other downstream tasks (Qiu et al. 2018).

18This category list is used by Zhihu for its knowledge market launched in 2017.
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Figure 8: Visualization of Tag Embeddings

Note: The text in red are 17 representative parent tags on Zhihu’s topic tree (referred to as anchor category). Each tag
is then classified to its closest anchor category and colored accordingly. Details of the tag classification process are
reported in the Appendix.

Our classification contains the following steps. First, we adopt the Breadth First Search (BFS)

algorithm to traverse every tag’s parent tags on the topic tree, until we find the first parent topic

tag that appears in the tag-category mapping. Due to the nature of BFS, this parent tag has the

shortest distance to the target tag relative to other anchor tags in the mapping. Consequently, we

classify the target tag to the category this parent tag maps to. This step successfully classifies
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5,672 topics. For the remaining tags, we use the GCN-based embeddings to find their most similar

categories. For every uncategorized tag, we calculate its cosine similarity with every anchor tag in

the tag-category mapping and find the anchor tag with the highest similarity. The target tag is then

classified into the category corresponding to that anchor tag.19

To facilitate visualization, we select the top 25 most-subscribed tags within each category,

resulting in a subset of 17×25 = 425 selected tags. We use the Uniform Manifold Approximation

and Projection (UMAP) (McInnes et al. 2018), a nonlinear dimension reduction method, to project

these tags along with the 17 categories (referred to as anchor category) on a two-dimensional

plane. For categories associated with multiple topic tags, we compute the category’s embedding

by averaging the embeddings of the relevant tags. For example, the embedding for “Science &

Technology” is the average of the “Science” and “Technology” embeddings.

The visualization results are presented in Figure 8, where categories are in text and tags in the

same category are color-coded. We find that tags with similar meanings are clustered closely, while

those with different themes are positioned apart. For example, tags related to “Law”, “Business”,

and “Finance and Economy” are clustered in the bottom-right corner, while food-related tags are

placed distinctly in the top-left corner. To provide further details, we magnify two regions of this

visualization. Figure 9a zooms in on the sports-related cluster in the upper-left region. Notably,

“Jogging” is positioned closer to “Marathon” than to “Meditation,” reflecting the stronger semantic

alignment between “Jogging” and “Marathon.” Figure 9b features the science and technology-

related cluster in the upper-right quadrant. We observe that “Biology” is positioned closer to

“Chemistry” than to “Behavioral Economics,” consistent with our common knowledge.

19Although every tag has an embedding generated after the GCN training, tags that have no edges on the topic tree
and no pre-trained embeddings only gain nonsense embeddings. These tags are classified as the “Others” category.
In addition, tags that do not have pre-trained embeddings and only connect to the “Uncategorized” topic in the topic
tree are also classified as “Others.” In total, 4,388 topics are classified as “Others.” We exclude the “Others” category
throughout our analysis.
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Validation with Link Prediction

The link prediction task predicts the existence of an edge between two arbitrary tags on Zhihu’s

topic tree. For each candidate node pair, we compute an edge score that represents the likelihood

of an edge existing between them as the dot product of their embeddings. We then compute the

Area Under the Receiver Operating Characteristics Curve (AUC-ROC) based on the edge scores

and the true labels (whether an edge exists or not). We find a good predictive performance with an

AUC-ROC score of 0.84. Taken together, these validation steps suggest that the GCN-based tag

embeddings effectively capture the semantic relations among tags.

(a) Sports (b) Science and Technology

Figure 9: Selected Regions of the Tag Embedding Space

Note: The text in red are 17 representative parent tags on Zhihu’s topic tree (referred to as anchor category). Each tag
is classified to its closest anchor category and colored accordingly.
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Web Appendix
When Connections Depress Contributions: The Hidden Cost of Social Filtering

A Measuring Answer Quality Using LLMs

Evaluating user-generated text remains a challenging task due to the inherent subjectivity of

language and the diversity of valid expression. Traditional approaches of scoring answer quality,

including manual evaluation and trained machine learning models with labeled data, present significant

limitations for large-scale, complex Q&A datasets such as Zhihu. Specifically, manual annotation

is generally costly, time-consuming, and difficult to scale. Because answers span diverse topics

and vary in formality on Zhihu, it is unrealistic to assume that crowd workers or annotators

possess sufficient domain knowledge to evaluate factual correctness or insightfulness, particularly

in nuanced or ambiguous cases (Snow et al. 2008, Pavlick and Kwiatkowski 2019). Similarly, the

performance of traditional supervised machine learning models is tightly bound to the quality and

scope of the annotated training dataset (Taghipour and Ng 2016, Verma et al. 2021). Such models

often fail to generalize to out-of-domain questions or to assess deeper semantic quality, such as

originality and logical coherence. They also lack external knowledge access, and hence tend to

misjudge fabricated content (Maynez et al. 2020).

We address these challenges by leveraging the strengths of LLMs for evaluating user-generated

answers. First, LLMs are pre-trained on massive, diverse corpora, giving them broad knowledge

coverage and the ability to assess both surface fluency and content-level correctness across a wide

range of topics (Brown et al. 2020, Achiam et al. 2023). This makes them especially well-suited

for evaluating fact-based answers without needing extensive task-specific fine-tuning. Second,

LLMs demonstrate strong generalization and reasoning ability, enabling them to judge open-ended

responses for qualities such as coherence, relevance, and insight. Prior research has shown that

LLMs can replicate human judgment in evaluation tasks with high consistency (Zheng et al. 2023),
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and even outperform human annotators in cases requiring domain-agnostic reasoning. Third,

LLMs offer high scalability and consistency. Unlike human raters, they do not suffer from fatigue,

bias drift, or inter-rater variability. When paired with well-engineered prompts, LLMs can deliver

structured, explainable, and reproducible assessments across large datasets (Liu et al. 2023).

In conclusion, the platform’s broad topical coverage, user-generated nature, and mixture of

fact-based and open-ended questions present a unique challenge that aligns well with LLMs’

capabilities. Rather than relying on domain-specific classifiers or expensive human labor, LLM-

based evaluation enables scalable, flexible, and semantically-aware scoring that aligns with both

current best practices and emerging trends in NLP-based assessment (Pang et al. 2020).

A.1 The Quality Evaluation Framework

To systematically evaluate the quality of answers on Zhihu, we designed a multi-dimensional

evaluation framework informed by prior literature on answer quality assessment and automated

essay scoring. The final rubric comprises five key dimensions: (Expected) Answer Length, Logic

& Structure, Grammar & Diction, Relevance, and Accuracy / Insight. The rubric aims to balance

comprehensiveness with practical applicability, ensuring that each dimension is clearly defined and

can be applied consistently across diverse responses. These criteria reflect a synthesis of linguistic

quality, argumentative soundness, and content fidelity—core elements in assessing answer quality

in user-generated contexts.

• (Expected) Answer Length serves as a proxy for information richness and user engagement.

Rather than assessing absolute length, we consider whether a response aligns with the expected

depth given the question’s complexity. Prior studies show that elaborated answers are often

perceived as more helpful (Agichtein et al. 2008, Anderson et al. 2012), though excessive

verbosity may undermine clarity. We therefore evaluate whether an answer falls within a

reasonable range of length relative to the question itself, as both overly brief and unnecessarily

long responses may signal inadequate or unfocused content.

Marketing Science Institute Working Paper Series



• Logic & Structure captures the internal coherence of the response, including the presence

of clear argumentation, transitions, and hierarchical organization. This criterion draws upon

frameworks in argument mining and discourse analysis (Stab and Gurevych 2014), which

emphasize the importance of well-structured reasoning in educational and QA contexts.

• Grammar & Diction evaluates the fluency and clarity of expression, including syntactic

correctness and lexical choice. Prior work in automated essay scoring (Lockwood 2014)

and peer-review quality detection (Roy et al. 2023) consistently show that linguistic fluency

contributes significantly to perceived credibility and professionalism of an answer.

• Relevance assesses the degree to which a response directly addresses the posed question.

This aligns with foundational QA evaluation metrics (Harabagiu et al. 2001), which distinguish

between general elaboration and context-sensitive, question-specific information.

• Accuracy / Insight is arguably the most substantive dimension, encompassing factual correctness

in closed questions and depth of perspective in open-ended ones. This criterion is informed

by research on factual consistency in natural language generation (Maynez et al. 2020) and

on the value of insightful contributions in online communities (Zhang et al. 2007). For

fact-based questions, we prioritize factual alignment and penalize fabricated or misleading

content. For open-ended questions, subjective viewpoints are acceptable, but we emphasize

the importance of originality, coherence, and critical thinking.

A.2 Prompt Engineering for Quality Evaluation

To operationalize the evaluation framework within an LLM, we adopt a structured prompt

engineering approach that integrates all key components of the scoring task. Effective prompt

design is critical to ensuring that LLM-generated judgments remain consistent, interpretable, and

aligned with human-defined rubrics (Zhou et al. 2022, Gu et al. 2024). Our prompt is composed

of three functional components: (1) system instruction, which defines the evaluator’s role and
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constrains the output format; (2) scoring rubric embedding, which provides detailed guidelines for

assessing each dimension; and (3) contextual input, which delivers the question-and-answer pair

to be evaluated.

System instruction. The prompt begins with a system-level instruction that defines the model’s

role and expected behavior. Specifically, the model is positioned as a professional evaluator for

a Q&A platform, which anchors its output style in an expert, task-oriented context. This form of

persona priming has been shown to improve the performance of LLMs in alignment-sensitive tasks

such as grading, reviewing, and content moderation (Ouyang et al. 2022). Equally important is the

explicit instruction to only output five integer scores, one per line, without any explanations. This

ensures that outputs are clean, structured, and machine-readable, facilitating downstream statistical

processing. It also mitigates the risk of hallucinated justifications or inconsistent reasoning, which

can undermine evaluation validity (Liu et al. 2023).

Embedded scoring rubrics. Each of the five evaluation dimensions is explicitly defined using

a 7-point scale, with thresholds and descriptions calibrated according to our rubric design (in

Web Appendix A.1). This part of the prompt not only helps standardize the interpretation of

each criterion but also enables fine-grained scoring that reflects the complexity of open-ended text

quality.

Contextual input: question and answer information. To support accurate and context-aware

scoring, the prompt includes structured input fields containing the question title, detailed question

description, and the user-provided answer. This format ensures that the model receives sufficient

background to understand the scope and intent of the question. Such structured context injection

has been shown to improve LLM task performance, especially in cases where nuanced understanding

of user intent and response alignment is required (Liu et al. 2023, Mialon et al.).

The complete prompt is shown below, and its structure allows the LLM to act as a context-aware

evaluator, leveraging both its linguistic understanding and factual knowledge to assign interpretable

and structured quality scores.
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Prompt for LLM-based Answer Evaluation

You are a professional evaluator for a Q&A platform.

Please rate the following answer according to five criteria, based on the provided question.

Each score must be an integer from 1 to 7. Output only 5 numbers, one per line, in

the following order: Answer Length, Logic & Structure, Grammar & Diction, Relevance,

Accuracy or Insight.

Scoring Rubrics:

1. Answer Length

• 1–3 = Too short or too long, lacking appropriate density

• 4–5 = Reasonable length, acceptable density

• 6–7 = Optimal length and rich, well-balanced content

2. Logic & Structure

• 1–3 = Disorganized, difficult to follow

• 4–5 = Basic structure, some logical flow

• 6–7 = Clear structure and robust argument flow

3. Grammar & Diction

• 1–3 = Frequent grammatical or wording errors

• 4–5 = Occasional minor issues

• 6–7 = Flawless grammar and precise terminology

4. Relevance

• 1–3 = Off-topic or mostly irrelevant

• 4–5 = Mostly on point, but misses nuances or sub-questions

• 6–7 = Fully aligned and addresses all aspects of the question

5. Accuracy/Insight

• Fact-based Questions:

– 1–3 = Inaccurate or misleading
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– 4–5 = Mostly accurate with minor issues

– 6–7 = Comprehensive, precise, and authoritative

• Open-ended Questions:

– 1–3 = No insight or shallow response

– 4–5 = Some insight or useful opinion

– 6–7 = Deep, original insights with thoughtful perspectives

Question Title: {title}

Question Detail: {question_detail}

Answer: {answer_content}

Only output the 5 numbers, one per line. No explanations.

A.3 Implementation Details

The evaluation is conducted using OpenAI’s GPT-4o model via the ChatCompletion API, with

deterministic sampling (temperature=0) to enhance scoring consistency. The input data consists

of annotated question–answer pairs from Zhihu, each comprising a title, a question detail, and an

answer content. For each instance, a structured prompt is constructed using the full scoring rubric

(as described in Web Appendix A.2) and populated with the corresponding Q&A content.

To ensure robustness, the implementation included the following technical features:

• Retry mechanism: Each request is allowed up to 5 attempts in case of transient API failures

or invalid response formats. Between attempts, a brief delay (5 seconds) is introduced to

comply with rate limits and mitigate instability.

• Score validation: Returned outputs are parsed line-by-line. Only responses with exactly five

valid integers in the expected range are accepted.

• Checkpointing: Intermediate results are periodically saved after every 1,000 successfully
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scored answers. This allows safe recovery in case of interruption and avoids reprocessing

previously completed records.

• Failure logging: Responses that failed all retry attempts are logged into a separate file for

later review or manual scoring.

After successful scoring, the script has produced a final merged dataset including all original

fields and five individual score dimensions. A composite score total score is then computed as a

weighted average using the following weighting scheme: 0.1 for (Expected) Answer Length, 0.3

for Accuracy / Insight, and 0.2 for each of the remaining three dimensions. Note that our research

findings remain consistent if uniform weights are applied across the five dimensions. The resulting

dataset is exported to a CSV file for downstream statistical analysis and modeling. This design

ensures that LLM-based scoring remains scalable, reproducible, and resilient to output variability,

thereby enabling consistent evaluation over tens of thousands of Q&A instances.
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B Effects on Content Contributions

Table W1: Effects on Separate Dimensions of Answer
Quality-related Metrics

Dimensions LnAvgQuality LnMaxQuality LnMinQuality
(Expected) Answer Length −0.007 −0.112∗∗∗ 0.091∗∗∗

(0.013) (0.014) (0.017)
Logic & Structure −0.004 −0.094∗∗∗ 0.106∗∗∗

(0.012) (0.011) (0.016)
Grammar & Diction 0.006 −0.020∗∗∗ 0.061∗∗∗

(0.007) (0.007) (0.009)
Relevance 0.022 −0.055∗∗∗ 0.141∗∗∗

(0.014) (0.009) (0.020)
Accuracy / Insight −0.001 −0.089∗∗∗ 0.114∗∗∗

(0.011) (0.010) (0.016)

Note: This table reports the estimates from linear regressions of the log-transformed
dependent variables using a 90-day window. The coefficient on all dimensions
capture the change after the intervention. All specifications include day-of-week
and month fixed effects, the two continuous controls, and separate polynomial
terms in the pre- and post-intervention periods, with order chosen by BIC. ∗∗∗p <
0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W2: Effects on Answer Quantity-Related
Metrics: Robustness to Polynomial Orders

Order LnAnsPerQ LnFirstAnsResTime AnsOdds
1 −0.593∗∗∗ 1.880∗∗∗ −0.643∗∗∗

(0.044) (0.162) (0.032)
2 −0.562∗∗∗ 1.770∗∗∗ −0.624∗∗∗

(0.056) (0.206) (0.040)
3 −0.435∗∗∗ 1.342∗∗∗ −0.396∗∗∗

(0.077) (0.284) (0.056)

Note: The first two columns report the estimates from linear
regressions of the log-transformed dependent variables
using a 90-day window, while the last column is a binomial
regression of the number of answered questions across all
new questions per day. The coefficient of A f ter captures
the change in the dependent variable after the intervention.
All specifications include day-of-week and month fixed
effects, the two continuous control variables (daily new
users and topics), and separate polynomial terms in the pre-
and post-intervention periods, respectively. Polynomial
orders from one to three are compared. ∗∗∗p < 0.01, ∗∗p <
0.05, ∗p < 0.1.

Table W3: Effects on Answer Quality- and Voting-Related Metrics:
Robustness to Polynomial Orders

Order LnAvgQuality LnMaxQuality LnMinQuality LnU pvoteRatio LnU pvote LnDownvote
1 0.008 −0.065∗∗∗ 0.094∗∗∗ 0.049∗∗∗ −0.030 −0.204∗∗∗

(0.009) (0.009) (0.012) (0.013) (0.058) (0.057)
2 −0.003 −0.077∗∗∗ 0.087∗∗∗ 0.045∗∗∗ −0.101 −0.155∗∗

(0.012) (0.011) (0.016) (0.016) (0.074) (0.072)
3 −0.014 −0.083∗∗∗ 0.073∗∗∗ 0.047∗∗ −0.153 −0.180∗

(0.016) (0.016) (0.022) (0.023) (0.105) (0.102)

Note: This table reports the estimates from several linear regression models of the log-transformed dependent
variables using a 90-day time window. The coefficient of A f ter captures the change in a dependent variable
after the intervention date. All of the specifications include day-of-week and month fixed effects, the two
continuous control variables (i.e., the daily number of new users and topics), and separate polynomial terms
in the pre- and post-intervention periods, respectively. We compare orders from one to three. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.1.
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Table W4: Effects on Answer Quantity-Related Metrics:
Robustness to “Donut” RD

Dropping Window LnAnsPerQ LnFirstAnsResTime AnsOdds
1-Day −0.602∗∗∗ 1.939∗∗∗ −0.412∗∗∗

(0.045) (0.164) (0.057)
2-Day −0.611∗∗∗ 1.961∗∗∗ −0.424∗∗∗

(0.046) (0.170) (0.056)
3-Day −0.612∗∗∗ 1.978∗∗∗ −0.446∗∗∗

(0.048) (0.176) (0.055)

Note: The first two columns report estimates from linear regressions of
the log-transformed dependent variables using a 90-day window, while
the last column is a binomial regression of the number of answered
questions across all new questions per day, dropping all observations
within one, two, or three days before and after the intervention date.
The coefficient of A f ter captures the change in the dependent variable
after the intervention. All specifications include day-of-week and month
fixed effects, the two continuous control variables (daily new users and
topics), and separate polynomial terms in the pre- and post-intervention
periods. The polynomial order is selected using the BIC. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.1.

Table W5: Effects on Answer Quality- and Voting-Related Metrics:
Robustness to “Donut” RD

Dropping Window LnAvgQuality LnMaxQuality LnMinQuality LnU pvoteRatio LnU pvote LnDownvote
1-Day 0.011 −0.060∗∗∗ 0.096∗∗∗ 0.054∗∗∗ −0.028 −0.214∗∗∗

(0.009) (0.009) (0.013) (0.013) (0.060) (0.058)
2-Day 0.014 −0.058∗∗∗ 0.100∗∗∗ 0.051∗∗∗ −0.006 −0.202∗∗∗

(0.010) (0.010) (0.013) (0.013) (0.062) (0.060)
3-Day 0.018∗ −0.056∗∗∗ 0.104∗∗∗ 0.051∗∗∗ 0.001 −0.213∗∗∗

(0.010) (0.010) (0.013) (0.014) (0.064) (0.062)

Note: This table reports the estimates from several linear regression models of the log-transformed dependent variables
using a 90-day window specification while dropping all of the observations within one/two/three days right before and
after the intervention date. The coefficient of A f ter captures the change in a dependent variable after the intervention date.
All of the specifications include day-of-week and month fixed effects, the two continuous control variables (i.e., the daily
number of new users and topics), and separate polynomial terms in the pre- and post-intervention periods, respectively.
The polynomial order is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W6: Effects on Answer-Quantity Related Metrics:
Robustness to Serial Correlations in Outcome Variables

LnAnsPerQ LnFirstAnsResTime AnsOdds
A f ter −0.565∗∗∗ 1.370∗∗∗ −0.411∗∗∗

(0.053) (0.202) (0.059)
LnYt−1 0.052 0.368∗∗∗ 0.122

(0.091) (0.100) (0.188)
LnYt−2 0.103 0.125 0.309∗

(0.085) (0.102) (0.187)
LnYt−3 −0.082 −0.073 0.586∗∗∗

(0.073) (0.096) (0.165)
LnNewUserPlt −0.022 0.037 −0.141∗∗∗

(0.029) (0.099) (0.021)
LnNewTopicPlt −0.061∗∗ 0.049 −0.010

(0.030) (0.106) (0.022)
Fixed Effects Yes Yes Yes
BIC-chosen order 1 1 3
(McFadden) R-sq. 0.905 0.902 0.553

Note: The first two columns report the estimates from linear regressions
of the log-transformed dependent variables using a 90-day window,
while the last column is a binomial regression of the number of answered
questions across all new questions per day. The coefficient of A f ter
captures the change in the dependent variable after the intervention.
All specifications include day-of-week and month fixed effects, the two
continuous control variables (daily new users and topics), the lagged
dependent variables over the previous three days (the last column uses
answered rate), and separate polynomial terms in the pre- and post-
intervention periods. The polynomial order is selected using the BIC.
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W7: Effects on Answer Quality- and Voting-Related Metrics: Robustness to Serial
Correlations in Outcome Variables

LnAvgQuality LnMaxQuality LnMinQuality LnU pvoteRatio LnU pvote LnDownvote
A f ter 0.007 −0.064∗∗∗ 0.095∗∗∗ 0.050∗∗∗ −0.028 −0.187∗∗∗

(0.009) (0.009) (0.012) (0.013) (0.059) (0.058)
LnYt−1 0.027 0.022 0.029 −0.049 −0.013 −0.247

(0.022) (0.020) (0.034) (0.073) (0.122) (0.462)
LnYt−2 −0.033 −0.020 −0.052 0.039 −0.120 0.598

(0.022) (0.020) (0.033) (0.071) (0.117) (0.428)
LnYt−3 0.002 0.006 0.002 −0.051 0.098 0.487

(0.017) (0.015) (0.025) (0.055) (0.109) (0.423)
LnNewUserPlt 0.016∗∗∗ 0.012∗∗ 0.020∗∗ 0.012 −0.090∗∗ −0.137∗∗∗

(0.006) (0.006) (0.008) (0.008) (0.038) (0.037)
LnNewTopicPlt −0.008 −0.012∗ −0.005 −0.001 −0.015 0.000

(0.006) (0.006) (0.008) (0.009) (0.040) (0.039)
Fixed Effects Yes Yes Yes Yes Yes Yes
BIC-chosen order 1 1 1 1 1 1
R-sq. 0.524 0.591 0.848 0.395 0.427 0.295

Note: This table reports the estimates from several linear regression models of the log-transformed dependent variables
using a 90-day time window. The coefficient of A f ter captures the change in a dependent variable after the intervention
date. All of the specifications include day-of-week and month fixed effects, the two continuous control variables (i.e.,
the daily number of new users and topics), the lagged dependent variables over the previous three days, and separate
polynomial terms in the pre- and post-intervention periods, respectively. The polynomial order is selected using the BIC.
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W8: Effects on Answer Quantity-Related Metrics:
Robustness to Lagged Control Variables

LnAnsPerQ LnFirstAnsResTime AnsOdds
A f ter −0.594∗∗∗ 1.885∗∗∗ −0.419∗∗∗

(0.044) (0.164) (0.057)
LnNewUserPlt −0.035 0.075 −0.127∗∗∗

(0.030) (0.113) (0.022)
LnNewUserPltt−1 −0.029 0.088 −0.108∗∗∗

(0.027) (0.101) (0.020)
LnNewUserPltt−2 0.037 −0.046 0.044∗∗

(0.027) (0.100) (0.020)
LnNewTopicPlt −0.053∗ 0.012 0.005

(0.031) (0.116) (0.023)
LnNewTopicPltt−1 0.009 0.012 0.050∗∗

(0.031) (0.116) (0.022)
LnNewTopicPltt−2 −0.017 −0.001 −0.051∗∗

(0.031) (0.117) (0.023)
Fixed Effects Yes Yes Yes
BIC-chosen order 1 1 3
(McFadden) R-sq. 0.905 0.891 0.562

Note: The first two columns report the estimates from linear regressions
of the log-transformed dependent variables using a 90-day window, while
the last column is a binomial regression of the number of answered
questions across all new questions per day. The coefficient of A f ter
captures the change in the dependent variable after the intervention
date. All specifications include day-of-week and month fixed effects,
the six continuous control variables listed in the table, and separate
polynomial terms in the pre- and post-intervention periods, respectively.
The polynomial order is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05,
∗p < 0.1.
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Table W9: Effects on Answer Quality- and Voting-Related Metrics: Robustness to Lagged Control
Variables

LnAvgQuality LnMaxQuality LnMinQuality LnU pvoteRatio LnU pvote LnDownvote
A f ter 0.008 −0.064∗∗∗ 0.094∗∗∗ 0.049∗∗∗ −0.029 −0.203∗∗∗

(0.009) (0.009) (0.012) (0.013) (0.059) (0.058)
LnNewUserPlt 0.013∗∗ 0.009 0.019∗∗ 0.009 −0.079∗ −0.126∗∗∗

(0.006) (0.006) (0.009) (0.009) (0.041) (0.040)
LnNewUserPltt−1 0.005 0.005 0.004 0.002 0.027 0.006

(0.006) (0.006) (0.008) (0.008) (0.036) (0.036)
LnNewUserPltt−2 0.001 0.002 0.000 0.010 −0.030 −0.035

(0.006) (0.006) (0.008) (0.008) (0.036) (0.036)
LnNewTopicPlt −0.007 −0.011∗ −0.003 0.002 −0.028 −0.013

(0.007) (0.007) (0.009) (0.009) (0.042) (0.041)
LnNewTopicPltt−1 −0.002 −0.003 −0.004 −0.005 −0.010 0.026

(0.007) (0.007) (0.009) (0.009) (0.042) (0.041)
LnNewTopicPltt−2 −0.007 −0.003 −0.010 −0.014 0.014 0.035

(0.007) (0.007) (0.009) (0.009) (0.042) (0.041)
Fixed Effects Yes Yes Yes Yes Yes Yes
BIC-chosen order 1 1 1 1 1 1
R-sq. 0.522 0.590 0.848 0.399 0.427 0.284

Note: This table reports the estimates from several linear regression models of the log-transformed dependent variables
using a 90-day time window. The coefficient of A f ter captures the change in a dependent variable after the intervention
date. All of the specifications include day-of-week and month fixed effects, the six continuous control variables listed in
the table, and separate polynomial terms in the pre- and post-intervention periods, respectively. The polynomial order is
selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W10: Effects on Answer Quantity-Related Metrics:
Robustness to Shorter Window Specifications

LnAnsPerQ LnFirstAnsResTime AnsOdds
60-Day Window Specification

A f ter −0.583∗∗∗ 1.858∗∗∗ −0.603∗∗∗

(0.045) (0.156) (0.067)
R-sq. 0.918 0.913 0.617

30-Day Window Specification
A f ter −0.548∗∗∗ 1.814∗∗∗ −0.666∗∗∗

(0.065) (0.255) (0.099)
(McFadden) R-sq. 0.924 0.893 0.641

Note: The first two columns report the estimates from linear regressions
of the log-transformed dependent variables under different window
specifications, while the last column is a binomial regression of the number
of answered questions across all new questions per day. The coefficient of
A f ter captures the change in the dependent variable after the intervention
date. All specifications include day-of-week and month fixed effects, the
two continuous control variables (daily new users and topics), and separate
polynomial terms in the pre- and post-intervention periods. The polynomial
order is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

Table W11: Effects on Answer Quality- and Voting-Related Metrics:
Robustness to Shorter Window Specifications

LnAvgQuality LnMaxQuality LnMinQuality LnU pvoteRatio LnU pvote LnDownvote
60-Day Window Specification

A f ter 0.005 −0.069∗∗∗ 0.094∗∗∗ 0.046∗∗∗ −0.070 −0.190∗∗∗

(0.009) (0.009) (0.012) (0.014) (0.062) (0.061)
R-sq. 0.450 0.673 0.856 0.436 0.422 0.359

30-Day Window Specification
A f ter 0.011 −0.055∗∗∗ 0.089∗∗∗ 0.043∗ −0.083 −0.162∗

(0.011) (0.011) (0.014) (0.022) (0.087) (0.095)
R-sq. 0.412 0.839 0.892 0.483 0.378 0.443

Note: This table reports the estimates from several linear regression models of the log-transformed dependent
variables under different window specifications. The coefficient of A f ter captures the change in a dependent
variable after the intervention date. All of the specifications include day-of-week and month fixed effects, the two
continuous control variables (i.e., the daily number of new users and topics), and separate polynomial terms in
the pre- and post-intervention periods, respectively. The polynomial order is selected using the BIC. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.1.
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Table W12: Effects on Answer Quantity-Related Metrics:
Placebo Tests

LnAnsPerQ LnFirstAnsResTime AnsOdds
Placebo intervention date 2012-07-02

A f ter 0.097 −0.055 −0.025
(0.110) (0.446) (0.122)

(McFadden) R-sq. 0.255 0.300 0.228
Placebo intervention date 2011-08-16

A f ter 0.052 −0.190 -0.041
(0.057) (0.245) (0.039)

(McFadden) R-sq. 0.348 0.531 0.108

Note: The first two columns report estimates from linear regressions of the
log-transformed dependent variables, while the last column is a binomial
regression of the number of answered questions across all new questions
per day. The coefficient of A f ter captures the change in the dependent
variable after each placebo intervention date. All specifications include
day-of-week and month fixed effects, the two continuous control variables
(daily new users and topics), and separate polynomial terms in the pre- and
post-intervention periods. The polynomial order is selected using the BIC.
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

Table W13: Effects on Answer Quality- and Voting-Related Metrics:
Placebo Tests

LnAvgQuality LnMaxQuality LnMinQuality LnU pvoteRatio LnU pvote LnDownvote
Placebo intervention date 2012-07-02

A f ter 0.021 0.024 0.050 0.019 0.098 −0.051
(0.022) (0.022) (0.032) (0.037) (0.155) (0.128)

R-sq. 0.583 0.449 0.624 0.302 0.396 0.391
Placebo intervention date 2011-08-16

A f ter 0.009 0.014 0.020 0.007 −0.134 −0.097
(0.014) (0.013) (0.040) (0.018) (0.096) (0.083)

R-sq. 0.153 0.082 0.090 0.209 0.638 0.625

Note: This table reports the estimates from several linear regression models of the log-transformed dependent
variables from 45 (or 90) days before to 45 (or 90) days after each placebo intervention date. The coefficient of
A f ter captures the change in a dependent variable after the intervention date. All of the specifications include
day-of-week and month fixed effects, the two continuous control variables (i.e., the daily number of new users and
topics), and separate polynomial terms in the pre- and post-intervention periods, respectively. The polynomial
order is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W14: Effects on Controls

LnNewUserPlt LnNewTopicPlt
A f ter −0.083 0.069

(0.143) (0.135)
Fixed Effects Yes Yes
BIC-chosen order 1 1
R-sq. 0.368 0.353

Note: This table reports the estimated change in the
two control variables used in the main specification
using a 90-day time window. All of the specifications
include day-of-week and month fixed effects and separate
polynomial terms in the pre- and post-intervention periods,
respectively. The polynomial order is selected using the
BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

Table W15: Effects on Question Quantity and Characteristics

LnNewQuesPlt LnTagNum LnTagPopularity LnPosScore LnNegScore Type
A f ter −0.071 0.005 −0.029 −0.017 0.003 0.020

(0.049) (0.043) (0.029) (0.030) (0.041) (0.038)
LnNewUserPlt 0.132*** −0.065*** −0.003 0.020 0.048* 0.038

(0.025) (0.016) (0.018) (0.019) (0.026) (0.024)
LnNewTopicPlt 0.102*** −0.009 −0.045** −0.030 −0.037 −0.024

(0.027) (0.017) (0.020) (0.021) (0.028) (0.026)
Fixed Effects Yes Yes Yes Yes Yes Yes
BIC-chosen order 2 3 1 1 1 1
R-sq. 0.759 0.538 0.599 0.218 0.172 0.105

Note: This table reports the estimates from several linear regression models of the question quantity and
characteristics using a 90-day time window. All dependent variables are log-transformed continuous variables,
except for Type, which is one if the question is classified as closed-ended and zero if open-ended. The coefficient
of A f ter captures the change in a dependent variable after the intervention date. All of the specifications include
day-of-week and month fixed effects, the two continuous control variables (i.e., the daily number of new users and
topics), and separate polynomial terms in the pre- and post-intervention periods, respectively. The polynomial order
is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W16: Effects on Answer Quantity-Related Metrics:
Robustness to Controlling for Daily Number of New

Questions

LnAnsPerQ LnFirstAnsResTime AnsOdds
A f ter −0.628∗∗∗ 1.905∗∗∗ −0.363∗∗∗

(0.044) (0.168) (0.057)
LnNewUserPlt 0.006 0.066 −0.080∗∗∗

(0.029) (0.112) (0.023)
LnNewTopicPlt −0.030 0.009 0.028

(0.031) (0.117) (0.023)
LnNewQuesPlt −0.250∗∗∗ 0.180 −0.551∗∗∗

(0.084) (0.321) (0.071)
Fixed Effects Yes Yes Yes
BIC-chosen order 1 1 3
(McFadden) R-sq. 0.908 0.890 0.565

Note: The first two columns report the estimates from linear regressions
of the log-transformed dependent variables using a 90-day window,
while the last column is a binomial regression of the number of answered
questions across all new questions per day. The coefficient of A f ter
captures the change in the dependent variable after the intervention. All
specifications include day-of-week and month fixed effects, the three
continuous control variables listed in the table, and separate polynomial
terms in the pre- and post-intervention periods. The polynomial order is
selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

Table W17: Effects on Answer Quality- and Voting-Related Metrics:
Robustness to Controlling for Daily Number of New Questions

LnAvgQuality LnMaxQuality LnMinQuality LnU pvoteRatio LnU pvote LnDownvote
A f ter 0.008 −0.063∗∗∗ 0.092∗∗∗ 0.046∗∗∗ −0.038 −0.212∗∗∗

(0.010) (0.009) (0.013) (0.013) (0.061) (0.060)
LnNewUserPlt 0.014∗∗ 0.010 0.019∗∗ 0.014 −0.076∗ −0.123∗∗∗

(0.006) (0.006) (0.009) (0.009) (0.040) (0.040)
LnNewTopicPlt −0.008 −0.013∗∗ −0.003 0.001 −0.015 0.009

(0.007) (0.007) (0.009) (0.009) (0.042) (0.042)
LnNewQuesPlt 0.000 0.012 −0.015 −0.020 −0.058 −0.061

(0.018) (0.018) (0.025) (0.025) (0.116) (0.114)
Fixed Effects Yes Yes Yes Yes Yes Yes
BIC-chosen order 1 1 1 1 1 1
R-sq. 0.513 0.588 0.844 0.390 0.423 0.275

Note: This table reports the estimates from several linear regression models of the log-transformed dependent variables
using a 90-day time window. The coefficient of A f ter captures the change in a dependent variable after the intervention
date. All of the specifications include day-of-week and month fixed effects, the three continuous control variables listed
in the table, and separate polynomial terms in the pre- and post-intervention periods, respectively. The polynomial order
is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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C Effect on Distribution Channel

C.1 Follower Engagement

Table W18: Effects on Content Distribution Channel: Follower Engagement

LnFollowerAnsNum LnFollowerAnsRatio LnFollowerVoteNum LnFollowerVoteRatio
A f ter 0.652∗∗∗ 0.892∗∗∗ 0.303∗∗∗ 0.358∗∗∗

(0.146) (0.115) (0.078) (0.058)
LnNewUserPlt −0.081 −0.027 −0.119∗∗ 0.015

(0.093) (0.073) (0.050) (0.037)
LnNewTopicPlt 0.138 0.082 0.089∗ 0.012

(0.100) (0.079) (0.053) (0.040)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.513 0.672 0.669 0.755

Note: This table reports the estimates from several linear regression models on log-transformed follower engagement
variables using a 90-day time window. The coefficient of A f ter captures the change in a dependent variable after the
intervention date. All of the specifications include day-of-week and month fixed effects, the two continuous control
variables listed in the table, and separate polynomial terms in the pre- and post-intervention periods, respectively. The
polynomial order is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

C.2 Alternative Measure: Social Distance

C.2.1 Defining Social Distance

As an empirical extension, we extend the measure of online social networks by calculating

social distances among users. The social distance metrics potentially take into account all interconnected

users within Zhihu’s social networks and thus provide a more comprehensive view of the social

connections. Utilizing concepts from graph theory (West et al. 2001), we determine the social

distance between two users as the minimum number of intermediary users required to connect

one user to another within Zhihu’s social network prior to our study period. Given our interest

in the relative closeness between users, we consider Zhihu’s social network as undirected when

calculating the social distance. If no direct path exists between user pairs, we assign a distance
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value of 10 to signify a substantial degree of separation.

There are three roles associated with each Q&A thread: askers, answerers, and voters. We

focus on examining four types of social distances among these roles: asker-answerer, asker-voter,

answerer-answerer, and answerer-voter. Let uq denote the user who asked question q, Uq(a) the set

of users who answered question q, and Uqa(v) the set of users who voted on answer a of question

q. For any two users (i, j), we let d(i, j) denote their shortest social distance. For each relationship

type, we calculate the mean social distance for all relevant user pairs per question. The actual

formulas for quantifying these four types of social distance are listed below. To align with the

RDiT specification, we aggregate these measures to platform-day level by averaging across all

questions posted on the same day.

D(asker,answerer)q =
1

|Uq(a)| ∑
i∈Uq(a)

d(uq, i) (W1)

D(asker,voter)q =
1

|A(q)| ∑
a∈A(q)

1
|Uqa(v)| ∑

i∈Uqa(v)
d(uq, i) (W2)

D(answerer,answerer)q =
2

|Uq(a)|(|Uq(a)|−1) ∑
u,i∈Uq(a)

d(u, i) (W3)

D(answerer,voter)q =
1

|Uq(a)| ∑
u∈Uq(a)

1
|Uqa(v)| ∑

i∈Uqa(v)
d(u, i) (W4)

C.2.2 The RDiT Results

Figure W1 displays the RDiT graphs for the four social distance variables. We observe dramatic

decreases in these variables immediately after the intervention. Table W19 reports the estimation

results from the RDiT model, using the 90-day time window. The effects are consistent with

the visual evidence in Figure W1. Specifically, the intervention significantly reduced the social

distance among users who engage with the same Q&A threads by 8 to 12% (p < 0.01). These

suggest that the SF algorithm is more likely to engage “nearby” users.
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Figure W1: RDiT Graphs for Content Distribution: Social Distance

Table W19: Effects on Content Distribution Channel: Social Distance

Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters
A f ter −0.083∗∗∗ −0.124∗∗∗ −0.086∗∗∗ −0.090∗∗∗

(0.012) (0.017) (0.009) (0.010)
LnNewUserPlt 0.003 −0.020∗ 0.014∗∗∗ 0.009

(0.007) (0.011) (0.005) (0.006)
LnNewTopicPlt −0.016∗∗ −0.002 −0.004 −0.009

(0.008) (0.012) (0.006) (0.007)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.534 0.560 0.653 0.574

Note: This table reports the estimates from several linear regression models on log-transformed social
distance variables using a 90-day time window. The coefficient of A f ter captures the change in a
dependent variable after the intervention date. All of the specifications include day-of-week and month
fixed effects, the two continuous control variables listed in the table, and separate polynomial terms in
the pre- and post-intervention periods, respectively. The polynomial order is selected using the BIC.
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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C.2.3 Robustness Checks

Table W20: Effects on Follower Engagement and Social Distance: Robustness to
Polynomial Orders

Panel A: Follower Engagement
Order LnFollowerAnsNum LnFollowerAnsRatio LnFollowerVoteNum LnFollowerVoteRatio
1 0.652∗∗∗ 0.892∗∗∗ 0.303∗∗∗ 0.358∗∗∗

(0.146) (0.115) (0.078) (0.058)
2 0.980∗∗∗ 1.019∗∗∗ 0.232∗∗ 0.357∗∗∗

(0.183) (0.147) (0.100) (0.074)
3 0.868∗∗∗ 0.761∗∗∗ 0.253∗ 0.310∗∗∗

(0.259) (0.206) (0.139) (0.104)
Panel B: Social Distance

Order Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters
1 −0.083∗∗∗ −0.124∗∗∗ −0.086∗∗∗ −0.090∗∗∗

(0.012) (0.017) (0.009) (0.010)
2 −0.079∗∗∗ −0.115∗∗∗ −0.092∗∗∗ −0.077∗∗∗

(0.015) (0.022) (0.011) (0.013)
3 −0.068∗∗∗ −0.104∗∗∗ −0.073∗∗∗ −0.051∗∗∗

(0.021) (0.032) (0.015) (0.018)

Note: This table reports the estimates from several linear regression models of the log-transformed follower
engagement and social distance variables using a 90-day time window. The coefficient of A f ter captures the
change in a dependent variable after the intervention date. All of the specifications include day-of-week and
month fixed effects, the two continuous control variables (i.e., the daily number of new users and topics),
and separate polynomial terms in the pre- and post-intervention periods, respectively. We compare orders
from one to three. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W21: Effects on Follower Engagement and Social Distance: Robustness to “Donut” RD

Panel A: Follower Engagement
Dropping Window LnFollowerAnsNum LnFollowerAnsRatio LnFollowerVoteNum LnFollowerVoteRatio
1-Day 0.682∗∗∗ 0.947∗∗∗ 0.293∗∗∗ 0.370∗∗∗

(0.149) (0.117) (0.079) (0.059)
2-Day 0.638∗∗∗ 0.930∗∗∗ 0.290∗∗∗ 0.374∗∗∗

(0.152) (0.120) (0.081) (0.061)
3-Day 0.585∗∗∗ 0.919∗∗∗ 0.250∗∗∗ 0.345∗∗∗

(0.157) (0.125) (0.083) (0.061)
Panel B: Social Distance

Dropping Window Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters
1-Day −0.084∗∗∗ −0.127∗∗∗ −0.087∗∗∗ −0.093∗∗∗

(0.012) (0.018) (0.009) (0.010)
2-Day −0.088∗∗∗ −0.130∗∗∗ −0.088∗∗∗ −0.095∗∗∗

(0.012) (0.018) (0.009) (0.010)
3-Day −0.089∗∗∗ −0.128∗∗∗ −0.088∗∗∗ −0.096∗∗∗

(0.013) (0.019) (0.009) (0.011)

Note: This table reports the estimates from several linear regression models of the log-transformed follower engagement
and social distance variables using a 90-day window specification while dropping all of the observations within
one/two/three days right before and after the intervention date. The coefficient of A f ter captures the change in a
dependent variable after the intervention date. All of the specifications include day-of-week and month fixed effects, the
two continuous control variables (i.e., the daily number of new users and topics), and separate polynomial terms in the
pre- and post-intervention periods, respectively. The polynomial order is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05,
∗p < 0.1.
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Table W22: Effects on Follower Engagement and Social Distance: Robustness to Serial
Correlations in Outcome Variables

Panel A: Follower Engagement
LnFollowerAnsNum LnFollowerAnsRatio LnFollowerVoteNum LnFollowerVoteRatio

A f ter 0.563∗∗∗ 0.916∗∗∗ 0.276∗∗∗ 0.372∗∗∗

(0.160) (0.150) (0.082) (0.066)
LnYt−1 0.296 −2.644 0.141 −0.181

(0.698) (2.167) (0.193) (0.620)
LnYt−2 0.765 1.246 0.193 0.309

(0.683) (2.078) (0.184) (0.578)
LnYt−3 0.507 1.033 −0.055 −0.672

(0.676) (2.013) (0.179) (0.561)
LnNewUserPlt −0.074 −0.033 −0.112∗∗ 0.017

(0.094) (0.074) (0.051) (0.037)
LnNewTopicPlt 0.134 0.081 0.077 0.014

(0.100) (0.079) (0.054) (0.040)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.520 0.676 0.673 0.758

Panel B: Social Distance
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

A f ter −0.085∗∗∗ −0.126∗∗∗ −0.086∗∗∗ −0.089∗∗∗

(0.012) (0.018) (0.009) (0.010)
LnYt−1 0.003 −0.101∗ −0.003 0.033

(0.034) (0.051) (0.025) (0.031)
LnYt−2 −0.009 0.065 −0.006 −0.015

(0.033) (0.048) (0.025) (0.031)
LnYt−3 −0.014 0.001 −0.003 −0.005

(0.025) (0.038) (0.019) (0.023)
LnNewUserPlt 0.005 −0.023∗∗ 0.015∗∗∗ 0.010

(0.008) (0.011) (0.006) (0.007)
LnNewTopicPlt −0.016∗∗ −0.003 −0.004 −0.009

(0.008) (0.012) (0.006) (0.007)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.538 0.572 0.654 0.577

Note: This table reports the estimates from several linear regression models based on the log-transformed follower
engagement and social distance variables using a 90-day time window. The coefficient of A f ter captures the change in
a dependent variable after the intervention date. All of the specifications include day-of-week and month fixed effects,
the two continuous control variables (i.e., the daily number of new users and topics), the lagged dependent variables
over the previous three days, and separate polynomial terms in the pre- and post-intervention periods, respectively. The
polynomial order is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W23: Effects on Follower Engagement and Social Distance: Robustness to Lagged Control
Variables

Panel A: Follower Engagement
LnFollowerAnsNum LnFollowerAnsRatio LnFollowerVoteNum LnFollowerVoteRatio

A f ter 0.650∗∗∗ 0.887∗∗∗ 0.304∗∗∗ 0.357∗∗∗

(0.146) (0.114) (0.078) (0.058)
LnNewUserPlt −0.076 −0.004 −0.097∗ 0.034

(0.101) (0.079) (0.054) (0.040)
LnNewUserPltt−1 −0.106 −0.134∗ 0.024 −0.007

(0.090) (0.070) (0.048) (0.036)
LnNewUserPltt−2 0.007 −0.012 −0.084∗ −0.033

(0.090) (0.070) (0.048) (0.036)
LnNewTopicPlt 0.122 0.058 0.070 0.009

(0.103) (0.081) (0.056) (0.041)
LnNewTopicPltt−1 0.081 0.119 −0.021 −0.018

(0.104) (0.081) (0.056) (0.042)
LnNewTopicPltt−2 0.091 0.099 0.091 0.040

(0.104) (0.082) (0.056) (0.042)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.525 0.686 0.676 0.759

Panel B: Social Distance
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

A f ter −0.084∗∗∗ −0.124∗∗∗ −0.086∗∗∗ −0.090∗∗∗

(0.012) (0.018) (0.009) (0.010)
LnNewUserPlt 0.004 −0.018 0.016∗∗ 0.009

(0.008) (0.012) (0.006) (0.007)
LnNewUserPltt−1 −0.004 −0.003 −0.002 0.000

(0.007) (0.011) (0.005) (0.006)
LnNewUserPltt−2 0.001 0.000 −0.002 −0.001

(0.007) (0.011) (0.005) (0.006)
LnNewTopicPlt −0.017∗∗ 0.000 −0.005 −0.009

(0.008) (0.012) (0.006) (0.007)
LnNewTopicPltt−1 0.010 −0.010 0.001 0.000

(0.008) (0.012) (0.006) (0.007)
LnNewTopicPltt−2 −0.006 0.006 0.002 0.001

(0.008) (0.013) (0.006) (0.007)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.540 0.566 0.654 0.575

Note: This table reports the estimates from several linear regression models based on the log-transformed follower
engagement and social distance variables using a 90-day time window. The coefficient of A f ter captures the change in
a dependent variable after the intervention date. All of the specifications include day-of-week and month fixed effects,
the six continuous control variables listed in the table, and separate polynomial terms in the pre- and post-intervention
periods, respectively. The polynomial order is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W24: Effects on Follower Engagement and Social Distance: Robustness to Shorter
Window Specifications

Panel A: Follower Engagement
LnFollowerAnsNum LnFollowerAnsRatio LnFollowerVoteNum LnFollowerVoteRatio

60-Day Window Specification
A f ter 0.736∗∗∗ 0.943∗∗∗ 0.263∗∗∗ 0.362∗∗∗

(0.151) (0.127) (0.085) (0.064)
R-sq. 0.579 0.702 0.647 0.750

30-Day Window Specification
A f ter 0.664∗∗∗ 0.749∗∗∗ 0.265∗ 0.304∗∗∗

(0.222) (0.199) (0.135) (0.095)
R-sq. 0.692 0.741 0.516 0.770

Panel B: Social Distance
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

60-Day Window Specification
A f ter −0.081∗∗∗ −0.119∗∗∗ −0.090∗∗∗ −0.083∗∗∗

(0.013) (0.018) (0.009) (0.010)
R-sq. 0.596 0.639 0.735 0.682

30-Day Window Specification
A f ter −0.081∗∗∗ −0.098∗∗∗ −0.083∗∗∗ −0.073∗∗∗

(0.019) (0.027) (0.013) (0.017)
R-sq. 0.718 0.703 0.839 0.740

Note: This table reports the estimates from several linear regression models based on the log-transformed
follower engagement and social distance variables under different window specifications. The coefficient of
A f ter captures the change in a dependent variable after the intervention date. All of the specifications include
day-of-week and month fixed effects, the two continuous control variables (i.e., the daily number of new
users and topics), and separate polynomial terms in the pre- and post-intervention periods, respectively. The
polynomial order is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W25: Effects on Follower Engagement and Social Distance: Placebo Tests

Panel A: Follower Engagement
LnFollowerAnsNum LnFollowerAnsRatio LnFollowerVoteNum LnFollowerVoteRatio

Placebo intervention date 2012-07-02
A f ter −0.244 −0.497 0.164 −0.245

(0.498) (0.406) (0.210) (0.187)
R-sq. 0.215 0.247 0.324 0.215

Placebo intervention date 2011-08-16
A f ter 0.304∗∗ 0.191 0.054 0.076

(0.122) (0.116) (0.112) (0.094)
R-sq. 0.423 0.509 0.208 0.295

Panel B: Social Distance
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

Placebo intervention date 2012-07-02
A f ter 0.032 −0.007 0.006 0.025

(0.029) (0.040) (0.019) (0.021)
R-sq. 0.386 0.194 0.535 0.461

Placebo intervention date 2011-08-16
A f ter −0.002 0.020 0.009 −0.001

(0.019) (0.037) (0.008) (0.013)
R-sq. 0.152 0.082 0.146 0.140

Note: This table reports the estimates from several linear regression models based on the log-transformed
follower engagement and social distance variables from 45 (or 90) days before to 45 (or 90) days after each
placebo intervention date. The coefficient of A f ter captures the change in a dependent variable after the
intervention date. All of the specifications include day-of-week and month fixed effects, the two continuous
control variables (i.e., the daily number of new users and topics), and separate polynomial terms in the pre-
and post-intervention periods, respectively. The polynomial order is selected using the BIC. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.1.
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D The Role of Distribution Scale

Table W26: Heterogeneous Effects on Content
Contributions by Network Scale (Question-Level)

Dependent Variable LnAnsPerQ LnMaxQuality
(1) (2)

A f ter −0.270∗∗∗ −0.059∗∗∗

(0.012) (0.007)
|F(uq)| 0.059∗∗∗ 0.008∗∗∗

(0.004) (0.002)
A f ter×|F(uq)| 0.033∗∗∗ 0.010∗∗∗

(0.005) (0.002)
LnNewUserPlt −0.043∗∗∗ 0.012∗∗∗

(0.008) (0.004)
LnNewTopicPlt −0.026∗∗∗ −0.014∗∗∗

(0.008) (0.005)
Day-of-week fixed effects Yes Yes
Month fixed effects Yes Yes
BIC-selected order 1 1
R2 0.036 0.009
Num. obs. 116,741 60,046

Note: |F(uq)| is standardized prior to estimation. Column (2) excludes
questions with no answers. All specifications include question-
creation day-of-week and month fixed effects, the two continuous
controls, and separate polynomial time trends for the pre- and post-
intervention periods (order chosen by BIC). ∗∗∗p < 0.01, ∗∗p < 0.05,
∗p < 0.1.
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E The Role of Network Homophily

E.1 Defining Network Homophily

Table W27: Comparing Followee-Follower and Tag-Subscriber
Similarity

Followee-Follower Tag-Subscriber
p-value

Mean Std Mean Std
Answering Questions 0.387 0.351 0.089 0.390 0.000
Subscribing Questions 0.429 0.388 0.085 0.404 0.000

Note: This table reports the average cosine similarity between a focal
user and each of her followers and that between a focal topic tag and
each of its subscribers. Followee-follower similarity in answer contribution
(question subscription) is computed for 61,122 (79,804) users who have
valid embeddings and at least one follower with a valid embedding
by the intervention. Tag-subscriber similarity in answer contribution
(question subscription) is computed for 18,786 (19,302) topic tags with
valid embeddings and at least one subscriber with a valid embedding by the
intervention.
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E.2 Effects on Content Contributions by Network Homophily

Table W28: Heterogeneous Effects on Content Contributions by Network Homophily
(Question-Level)

Dependent Variable LnAnsPerQ LnMaxQuality LnAnsPerQ LnMaxQuality
(1) (2) (3) (4)

A f ter −0.220∗∗∗ −0.022∗ −0.291∗∗∗ −0.033∗∗∗

(0.027) (0.011) (0.022) (0.011)
LnSocHomo(uq)

S −0.213∗∗∗ −0.059∗∗∗ −0.166∗∗∗ −0.046∗∗∗

(0.024) (0.012) (0.023) (0.012)
A f ter×LnSocHomo(uq)

S −0.064∗ −0.066∗∗∗ −0.019 −0.050∗∗

(0.038) (0.020) (0.038) (0.020)
LnNewUserPlt −0.001 0.016∗∗∗ 0.004 0.016∗∗∗

(0.011) (0.005) (0.011) (0.005)
LnNewTopicPlt −0.016 −0.014∗∗ −0.023∗ −0.014∗∗

(0.012) (0.006) (0.012) (0.006)
Ln|F(uq)| 0.078∗∗∗ 0.015∗∗∗

(0.002) (0.001)
Day-of-week fixed effects Yes Yes Yes Yes
Month fixed effects Yes Yes Yes Yes
BIC-selected order 2 1 1 1
R2 0.039 0.007 0.072 0.017
Num. obs. 57,424 35,237 57,424 35,237

Note: All specifications include day-of-week and month fixed effects, the two continuous controls, and
separate polynomial time trends for the pre- and post-intervention periods (order chosen by BIC). Column
(3)–(4) additionally control for distribution scale, |F(uq)|. Column (1) and (3) exclude questions whose
askers have no followers or whose followers lack valid embeddings needed to compute SocHomo(uq)

S.
Column (2) and (4) further exclude questions with no answers. Results are qualitatively unchanged when
using SocHomo(uq)

A. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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E.3 Effects on Engagement Homophily

Table W29: Effects on Engagement Homophily: Robustness to Polynomial
Orders

Panel A: Interests in Answering Questions
Order Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters
1 0.094∗∗∗ 0.091∗∗∗ 0.055∗∗∗ 0.055∗∗

(0.030) (0.028) (0.010) (0.025)
2 0.052 0.050 0.042∗∗∗ 0.049

(0.038) (0.035) (0.013) (0.032)
3 0.052 −0.002 0.029 0.031

(0.054) (0.049) (0.018) (0.045)
Panel B: Interests in Subscribing Questions

Order Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters
1 0.098∗∗∗ 0.117∗∗∗ 0.068∗∗∗ 0.102∗∗∗

(0.027) (0.026) (0.009) (0.023)
2 0.089∗∗ 0.087∗∗∗ 0.062∗∗∗ 0.095∗∗∗

(0.035) (0.033) (0.012) (0.030)
3 0.055 0.024 0.047∗∗∗ 0.096∗∗

(0.049) (0.046) (0.017) (0.042)

Note: This table reports the estimates from several linear regression models of the log-
transformed interest similarity metrics using a 90-day time window. The coefficient of A f ter
captures the change in a dependent variable after the intervention date. All of the specifications
include day-of-week and month fixed effects, the two continuous control variables (i.e., the
daily number of new users and topics), and separate polynomial terms in the pre- and post-
intervention periods, respectively. We compare orders from one to three.
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Table W30: Effects on Engagement Homophily: Robustness to “Donut” RD

Panel A: Interests in Answering Questions
Dropping Window Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters
1-day 0.097∗∗∗ 0.109∗∗∗ 0.056∗∗∗ 0.059∗∗

(0.031) (0.028) (0.010) (0.025)
2-day 0.089∗∗∗ 0.095∗∗∗ 0.060∗∗∗ 0.060∗∗

(0.032) (0.028) (0.010) (0.026)
3-day 0.115∗∗∗ 0.106∗∗∗ 0.063∗∗∗ 0.068∗∗

(0.032) (0.029) (0.011) (0.027)
Panel B: Interests in Subscribing Questions

Order Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters
1-day 0.101∗∗∗ 0.128∗∗∗ 0.067∗∗∗ 0.105∗∗∗

(0.028) (0.026) (0.010) (0.024)
2-day 0.110∗∗∗ 0.121∗∗∗ 0.068∗∗∗ 0.106∗∗∗

(0.029) (0.026) (0.010) (0.024)
3-day 0.127∗∗∗ 0.136∗∗∗ 0.073∗∗∗ 0.109∗∗∗

(0.029) (0.027) (0.010) (0.025)

Note: This table reports the estimates from several linear regression models of the log-transformed interest
similarity metrics using a 90-day window specification while dropping all of the observations within
one/two/three days right before and after the intervention date. The coefficient of A f ter captures the change
in a dependent variable after the intervention date. All of the specifications include day-of-week and month
fixed effects, the two continuous control variables (i.e., the daily number of new users and topics), and
separate polynomial terms in the pre- and post-intervention periods, respectively.∗∗∗p < 0.01, ∗∗p < 0.05,
∗p < 0.1.
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Table W31: Effects on Engagement Homophily: Robustness to Serial Correlations in
Outcome Variables

Panel A: Interests in Answering Questions
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

A f ter 0.096∗∗∗ 0.088∗∗∗ 0.056∗∗∗ 0.059∗∗

(0.031) (0.028) (0.010) (0.025)
LnYt−1 −0.053 −0.014 −0.084 −0.316∗∗

(0.185) (0.170) (0.065) (0.157)
LnYt−2 −0.150 −0.071 −0.009 −0.059

(0.174) (0.162) (0.062) (0.143)
LnYt−3 0.132 0.236∗ 0.057 0.069

(0.148) (0.137) (0.049) (0.123)
LnNewUserPlt −0.007 0.011 0.003 −0.004

(0.020) (0.018) (0.006) (0.016)
LnNewTopicPlt 0.039∗ −0.029 0.005 −0.001

(0.021) (0.019) (0.007) (0.017)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.336 0.349 0.873 0.184

Panel B: Interests in Subscribing Questions
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

A f ter 0.100∗∗∗ 0.114∗∗∗ 0.069∗∗∗ 0.106∗∗∗

(0.028) (0.027) (0.009) (0.023)
LnYt−1 −0.221 0.077 −0.009 −0.049

(0.167) (0.157) (0.061) (0.146)
LnYt−2 0.175 −0.063 −0.124∗∗ −0.239∗

(0.151) (0.151) (0.060) (0.138)
LnYt−3 −0.011 0.060 0.096∗∗ 0.114

(0.133) (0.125) (0.046) (0.113)
LnNewUserPlt 0.013 0.030∗ −0.007 −0.006

(0.018) (0.017) (0.006) (0.015)
LnNewTopicPlt 0.033∗ −0.006 0.003 −0.012

(0.019) (0.018) (0.006) (0.016)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.254 0.257 0.855 0.265

Note: This table reports the estimates from several linear regression models based on the log-transformed
interest similarity metrics using a 90-day time window. The coefficient of A f ter captures the change in
a dependent variable after the intervention date. All of the specifications include day-of-week and month
fixed effects, the two continuous control variables (i.e., the daily number of new users and topics), the
lagged dependent variables over the previous three days, and separate polynomial terms in the pre- and
post-intervention periods, respectively. The polynomial order is selected using the BIC. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.1.
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Table W32: Effects on Engagement Homophily: Robustness to Lagged Control Variables

Panel A: Interests in Answering Questions
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

A f ter 0.091∗∗∗ 0.091∗∗∗ 0.055∗∗∗ 0.053∗∗

(0.030) (0.028) (0.010) (0.024)
LnNewUserPlt 0.006 0.008 0.007 0.005

(0.021) (0.020) (0.007) (0.017)
LnNewUserPltt−1 −0.027 0.007 0.000 −0.012

(0.019) (0.017) (0.006) (0.015)
LnNewUserPltt−2 −0.009 0.008 −0.002 0.004

(0.019) (0.017) (0.006) (0.015)
LnNewTopic 0.034 −0.030 0.005 0.007

(0.021) (0.020) (0.007) (0.017)
LnNewTopict−1 0.020 0.009 −0.003 −0.019

(0.022) (0.020) (0.007) (0.017)
LnNewTopict−2 0.013 −0.016 0.001 −0.001

(0.022) (0.020) (0.007) (0.017)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.343 0.343 0.872 0.196

Panel B: Interests in Subscribing Questions
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

A f ter 0.097∗∗∗ 0.117∗∗∗ 0.067∗∗∗ 0.101∗∗∗

(0.028) (0.026) (0.009) (0.023)
LnNewUserPlt 0.022 0.021 −0.004 0.001

(0.019) (0.018) (0.007) (0.016)
LnNewUserPltt−1 −0.017 0.006 0.001 0.001

(0.017) (0.016) (0.006) (0.014)
LnNewUserPltt−2 −0.008 0.026 0.000 −0.006

(0.017) (0.016) (0.006) (0.014)
LnNewTopicPlt 0.029 −0.002 0.003 −0.008

(0.020) (0.018) (0.007) (0.016)
LnNewTopicPltt−1 0.010 0.010 0.002 −0.016

(0.020) (0.018) (0.007) (0.017)
LnNewTopicPltt−2 0.018 −0.041∗∗ −0.008 0.002

(0.020) (0.018) (0.007) (0.017)
Fixed Effects Yes Yes Yes Yes
BIC-chosen order 1 1 1 1
R-sq. 0.252 0.283 0.854 0.266

Note: This table reports the estimates from several linear regression models based on the log-transformed
interest similarity metrics using a 90-day time window. The coefficient of A f ter captures the change in a
dependent variable after the intervention date. All of the specifications include day-of-week and month fixed
effects, the six continuous control variables listed in the table, and separate polynomial terms in the pre-
and post-intervention periods, respectively. The polynomial order is selected using the BIC. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.1.
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Table W33: Effects on Engagement Homophily: Robustness to Shorter
Window Specifications

Panel A: Interests in Answering Questions
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

60-Day Window Specification
A f ter 0.068∗∗∗ 0.073∗∗ 0.051∗∗∗ 0.058∗∗

(0.033) (0.030) (0.011) (0.026)
R-sq. 0.404 0.351 0.814 0.229
30-Day Window Specification
A f ter 0.060 0.046 0.022 0.029

(0.049) (0.052) (0.016) (0.036)
R-sq. 0.386 0.253 0.776 0.370

Panel B: Interests in Subscribing Questions
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

60-Day Window Specification
A f ter 0.093∗∗∗ 0.102∗∗∗ 0.068∗∗∗ 0.101∗∗∗

(0.032) (0.028) (0.011) (0.024)
R-sq. 0.257 0.353 0.802 0.315
30-Day Window Specification
A f ter 0.088∗∗∗ 0.067 0.049∗∗∗ 0.113∗∗∗

(0.042) (0.045) (0.017) (0.038)
R-sq. 0.374 0.399 0.746 0.383

Note: This table reports the estimates from several linear regression models based on the log-
transformed interest similarity metrics under different window specifications. The coefficient
of A f ter captures the change in a dependent variable after the intervention date. All of
the specifications include day-of-week and month fixed effects, the two continuous control
variables (i.e., the daily number of new users and topics), and separate polynomial terms in
the pre- and post-intervention periods, respectively. The polynomial order is selected using
the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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Table W34: Effects on Engagement Homophily: Placebo Tests

Panel A: Interests in Answering Questions
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

Placebo intervention date 2012-07-02
A f ter 0.053 −0.082 −0.032 0.013

(0.065) (0.068) (0.026) (0.061)
R-sq. 0.363 0.256 0.730 0.270
Placebo intervention date 2011-08-16
A f ter −0.019 −0.010 −0.006 0.009

(0.062) (0.051) (0.014) (0.052)
R-sq. 0.138 0.092 0.519 0.160

Panel B: Interests in Subscribing Questions
Askers-Answerers Askers-Voters Answerers-Answerers Answerers-Voters

Placebo intervention date 2012-07-02
A f ter −0.040 −0.056 −0.020 0.018

(0.056) (0.060) (0.026) (0.061)
R-sq. 0.400 0.291 0.613 0.370
Placebo intervention date 2011-08-16
A f ter −0.067 −0.060 0.000 0.031

(0.063) (0.056) (0.015) (0.048)
R-sq. 0.095 0.101 0.386 0.243

Note: This table reports the estimates from several linear regression models based on the log-
transformed interest similarity metrics from 45 (or 90) days before to 45 (or 90) days after
each placebo intervention date. The coefficient of A f ter captures the change in a dependent
variable after the intervention date. All of the specifications include day-of-week and month
fixed effects, the two continuous control variables (i.e., the daily number of new users and
topics), and separate polynomial terms in the pre- and post-intervention periods, respectively.
The polynomial order is selected using the BIC. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.
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