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Abstract. The quality of answers in online Q&A communities is essential for
their sustainable development. Existing research has mainly focused on factors
such as answer features, user characteristics, and community mechanisms, but
the impact of user learning behavior on answer quality remains underexplored.
This study, based on data from the Zhihu platform, applies social cognitive theory
and the SBERT model to calculate the semantic similarity between answers. By
quantifying user learning behavior, the study examines how it affects answer
quality. The results show a negative correlation between user learning behavior
and answer quality, primarily due to content homogeneity and a lack of innova-
tion. Information entropy moderates this relationship, with higher entropy miti-
gating the negative effects of learning behavior and improving answer quality.
This study introduces a new definition of user learning behavior and offers a
quantitative method, providing theoretical support and practical recommenda-
tions for improving the answer recommendation system and user experience on
online Q&A platforms.
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1 Introduction

With the rapid development of internet technology, online Q&A communities have be-
come key platforms for acquiring knowledge and solving problems [1]. These platforms
integrate individual wisdom with collective intelligence, providing significant societal
value. However, as the user base grows, uneven answer quality has become a prominent
issue. This stems from variations in users' knowledge, communication skills, and the
platform's incentive and recommendation mechanisms. The proliferation of low-quality
answers negatively impacts user experience, knowledge dissemination, and the plat-
form's reputation. Therefore, exploring the factors influencing answer quality is essen-
tial for improving content and optimizing user experience.

Existing research on answer quality primarily focuses on three aspects: 1) the impact
of answer characteristics such as content, relevance, and timeliness; 2) the role of user
characteristics like social status, reputation, and intrinsic motivation [2]; and 3) the in-
fluence of community-level feedback and incentive mechanisms [3]. Some studies also
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examine how user learning behavior affects answer quality. To better understand this
aspect, we turn to social cognitive theory, which provides a framework for understand-
ing how individuals learn from their environment, behavior, and cognition.

Social cognitive theory, proposed by Bandura, emphasizes that individuals learn
through the interaction of environment, behavior, and cognition [4]. It suggests that
learning occurs via direct and observational learning. In online Q&A communities, us-
ers' answers and feedback are clearly presented on both the question page and personal
page, providing an intuitive learning environment. Users can adjust their response strat-
egies based on past experiences of receiving high likes (direct learning), or analyze
others’ responses to identify characteristics of high-quality answers (observational
learning). Feedback indicators like likes, comments, and favorites guide users’ learning
behaviors. For example, Jin et al. (2022) measured direct learning by the number of
answers posted by users in the past week, representing the knowledge and skills users
accumulate by personally answering questions; and defined observational learning us-
ing the number of answers from users’ followers in the past week, representing learning
through observing others [5]. Similarly, Shi et al. (2021) measured direct learning by
the average length of high-vote answers from the user’s past contributions, reflecting
skills gained through personal success, and observational learning by the average length
of high-vote answers from other users on the same question, indicating learning through
others' successful answers. These indicators explore how past contributions and com-
munity feedback influence users’ subsequent contributions [6].

While previous studies have analyzed behavioral data to measure learning behavior,
they have not fully explored how users learn from existing answers for the same ques-
tion or optimized the measurement of learning behavior. This study redefines learning
behavior as the process by which users learn from the content characteristics of existing
answers to the same question while answering. By calculating the semantic similarity
between answers, the study directly measures users’ learning behavior and explores its
impact on answer quality. This provides a new perspective for improving answer qual-
ity in online Q&A communities.

2 Review and Hypotheses

2.1  The Impact of User Learning Behavior on Answer Quality

Previous studies have explored the impact of user learning behavior on answer quality.
For instance, Jin et al. (2022) integrated the Ability-Motivation-Opportunity theory
with social learning theory, finding that users enhance their abilities and contribute
higher-quality knowledge through both direct and indirect experiences [5]. Shi et al.
(2021), based on social cognitive theory, measured the impact of direct and observa-
tional learning on knowledge contribution, finding both had a significant positive effect
on the information provided in subsequent answers [6]. Krishna et al. (2024) observed
that for novice users, continuous answering improves answer quality, but excessive
contribution leads to a focus on quantity over quality [7].

These studies suggest that user learning behavior positively impacts answer quality.
However, this study redefines it as the process of learning from existing answers when
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responding to questions. While learning helps users quickly develop strategies, imita-
tive learning may lead to answer convergence, causing reader fatigue and diminishing
answer recognition, potentially negatively affecting answer quality. Therefore, the
study proposes the following hypothesis:

H1: User learning behavior toward the content features of existing answers for the
same question will negatively impact the quality of their own answers.

2.2 The Moderating Role of Information Entropy

Information entropy, a core concept in information theory, quantifies uncertainty and
the amount of information [8]. In text analysis, it measures the diversity and unpredict-
ability of the text. High entropy indicates an unpredictable distribution of information,
while low entropy suggests a more predictable one. Studies show that higher entropy
increases text attractiveness. For instance, Fresneda & Gefen (2019) found Amazon
reviews with new information had higher entropy and greater value [9], and Sun et al.
(2024) found higher entropy in health consultation responses provided more useful in-
formation [10]. In online Q&A communities, information entropy is a key indicator of
answer quality. Repetitive information leads to low entropy and value, while new in-
sights or a change in presentation increases entropy and enhances answer quality [11].
Thus, information entropy may moderate the relationship between learning behavior
and answer quality, mitigating the negative effects of answer convergence. Based on
this, the study proposes the following hypothesis:

H2: Information entropy positively moderates the relationship between learning be-
havior and answer quality, meaning that higher entropy reduces the negative impact of
learning behavior on answer quality.

3 Model and Variables

3.1 Data Collection and Variable Definition

Data Collection. The data for this study were sourced from Zhihu, a leading online
Q&A community in China. According to data from Eastmoney (2024), as of the end of
2023, Zhihu had 105 million monthly active users, 71.3 million content creators, and
over 775 million pieces of content [12]. We focus on the "learning English" topic, ex-
cluding time-related factors, with data collected from February 2011 to November
2023. The dataset includes 2,327 questions and 234,540 answers from 151,028 users.
To ensure data quality, we excluded non-text answers, blanks, links, and answers lack-
ing user interface elements. We also removed time-sensitive or controversial questions
and limited answers per question to between 10 and 1,000. To control for the impact of
answer length on semantic similarity, we restricted answer length to between 10 and
7,051 characters. The final dataset includes 1,813 questions, 141,455 answers, and
93,252 users.
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Variable Definition. Dependent Variable. Answer quality. The number of upvotes re-
flects the community's recognition of the answer, and we use upvotes as a proxy for
answer quality. To account for time differences, we calculate the ratio of upvotes to the
time difference between the posting time and the data collection time. We set the 85th
percentile of this ratio (0.0131) as the threshold for quality assessment. Answers with
a ratio above this threshold are considered high-quality, while those below it are con-
sidered low-quality. Independent Variable. We measure user learning behavior by cal-
culating the semantic similarity between answers using the para-phrase-multilingual-
MiniLM-L12-v2 model from the SBERT framework [13]. For long texts exceeding 512
tokens, we split them into segment of no more than 512 tokens. We compute the em-
bedding vector for each segment and average them to obtain the final embedding rep-
resenting of the answer. The semantic similarity between answers is calculated using
cosine similarity, with the average similarity between each answer and existing answers
for the same question as the measure. Additionally, answer length and the number of
images are included as supplementary indicators of user effort. Moderating Variable.
Answer Information Entropy. The calculation formula is as follows:

entropy(aj) =—Yk P(x;)logP (x;) (1)

Where k is the number of distinct words in the answer, and P(x;) is

frequency of a word i

total number of words n in answer
As shown in Table 1, the table summarizes the model variables and their descrip-
tions.

Table 1. Variable list and measurement

Variable type Variable Description

DV Answer quality Binary Variable, 1 for high-quality answers, 0
for low-quality answers

v User learning behavior ~ Sort answers by time for the same question.
Calculate the average semantic similarity be-
tween an answer and existing answers

Answer length Length of the answer in characters
Answer image Number of images included in the answer
Moderators Information entropy Information entropy value of the answer
Controls User expertise Total number of upvotes received by the user /
(Data collection time - user’s first answer time)
User status Number of followers the user has / (Data collec-

tion time - user’s first answer time)
Answer time position For the same question, map the answer's posting
time order to a range between 0 and 1

Question popularity Pageviews of the question / (Data collection time
- question posting time)
Question Type Binary Variable, 1 for recommendation-type

questions, 0 for fact-type questions
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The descriptive statistics of the variables are shown in Table 2.

Table 2. Descriptive statistics of variables (N = 141,455)

Variable Min Max Mean S.D  Skewness

User learning behavior -0.12 0.97 0.49 0.15 -0.08
Answer length 11.00 7049.00 614.32 1003.31 2.79
Answer image 0.00 179.00 1.19 3.32 8.44
Information entropy 0.00 10.61 5.54 1.97 -0.07
User status 0.00 4453.58 8.44 134.30 28.48

User expertise 0.00 3874.81 12.54 98.07 20.50
Question popularity 1.07 69375.74 1668.89 5346.27 9.83

3.2 Empirical Model

Since the dependent variable "Answer quality" is a binary response variable, this study
uses the Generalized Linear Mixed-Effects Model (GLMM) for analysis. Given the
nested structure of the data, with answers nested within questions and users, random
effects for question ID and user ID are included to control for potential biases. To ad-
dress significant skewness in some explanatory variables, natural logarithmic transfor-
mations are applied to improve the robustness of the coefficient estimates. The research
model is as follows:
logit(P (Is_good_answer,;=1)) = By + (i - User_learning behavior,

+ B, - Answer_length,;

+ B - Answer_image;

+ B4 - Answer_information_entropy ;

+ B5 - User_learning_behavior,;; - Answer_information_entropy

+ B¢ - User_social status;

+ 87 - User_expertise,

+ Bs - Answer_time position;

=+ B9 - Question_type;

=+ B0 - Question_popularity;

Tyt
Where:
o f3; are fixed effect coefficients;
e ¥y, ~N (0, quucstion) represents the random intercept at the question level;

e y; ~ N(0,02,,) represents the random intercept at the user level;

3.3  Model Results

As shown in Table 3, in examining the impact of learning behavior on answer quality,
both Model 1 and Model 2 show that the coefficient for learning behavior is negative
at the 0.001 significance level, supporting Hypothesis H1. This suggests that increased
learning behavior reduces the likelihood of an answer being recognized as high-quality,
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likely due to content repetition and lack of innovation, which leads to reader fatigue.
Model 2 introduces an interaction term between learning behavior and answer infor-
mation entropy, which has a significant positive effect on answer quality, supporting
Hypothesis H2. High information entropy mitigates the negative impact of learning be-
havior, allowing answers with similar content to maintain quality through novelty in
expression or thinking. Additionally, both models show that the number of images and
answer length positively affect answer quality, consistent with findings by Song et al.
(2024) [14], indicating that detailed answers with visual elements are more likely to be
considered high-quality.

Table 3. Empirical results on answer quality

Dependent Answer quality
Variable Model 1 Model 2
Estimate Z value Estimate Z value

Intercept -1.59%** -15.04 -1.61%** -15.11
User learning behavior -0.36%** -18.69 -0.39%** -19.80
Answer length 1.11%%* 14.54 1.01%** 13.10
Answer image 0.35%%* 27.08 0.34%%* 26.12
Information entropy 0.64%*** 8.20 0.78%** 9.63
User status 0.22%** 7.93 0.83%** 31.74
User expertise 0.84%*%** 31.85 0.22%%** 8.03
Answer time position -1.73% %% -34.25 -1.76%*** -34.62
Question popularity 0.36%** 10.55 0.35%** 10.33
Question type -0.64%** -5.95 -0.67%%* -6.18
User lear'ning behavior * 0.10%%* 6.42
Information entropy ) )
Random effect

Tuestion 1313 1.340

02 2.088 2.057

Note: ***p <0.001, **p < 0.01, *p <0.05.

34 Robustness Test

To test robustness, the study adjusts the high-quality answer threshold to the 75" and
80" percentiles and re-estimates the model. As shown in Table 4, the negative effect of
learning behavior on answer quality remains significant across all thresholds, confirm-
ing its stability. The interaction between learning behavior and information entropy
consistently shows a positive effect, validating the robustness of this interaction.

Table 4. Robustness test results on answer quality

Dependent Answer quality
. Model 70 Model 80
Variable - -
Estimate Z value Estimate Z value
Intercept -0.27%* -2.68 -0.86%** -8.44
User learning behavior -(0.32%%* -20.10 -0.35%** -20.29




212 Y. Luo et al.

Answer length 0.84%** 13.53 0.89%** 12.93
Answer image 0.30%%* 27.07 0.32%** 27.00
Information entropy 0.79%** 12.25 0.83%** 11.66
User status 0.3 %% 12.90 0.27*** 10.83
User expertise 0.74% %% 34.36 0.77*** 33.01
Answer time position -1.73%%** -42.20 -1.75%%* -38.90
Question popularity 0.25%** 7.76 0.30%** 9.05
Question type -0.53%%* -5.12 -0.61%%* -5.80
User learning behavior 0.07%% 5.43 0,094+ 636
Information entropy
Random effect

O hestion 1.352 1.317

o2 1.346 1.644

user

Note: ***p <0.001, **p < 0.01, *p <0.05.

4 Discussion and Future Directions

4.1 Theoretical Contributions

This study, based on data from Zhihu, applies social cognitive theory and data analysis
to explore how user learning behavior impacts answer quality. Unlike previous studies
suggesting that learning improves answer quality, our findings reveal a negative corre-
lation, showing that learning behavior can lead to content homogenization and reduced
innovation, thereby decreasing quality.

We propose a quantification method using the SBERT model to directly measure
user learning behavior through semantic similarity. Additionally, we introduce infor-
mation entropy as a moderating factor, showing that diverse content can mitigate the
negative effects of learning behavior. High information entropy, even with similar con-
tent, allows for innovative expression, enhancing answer quality.

4.2  Practical Implications

The study shows that user learning behavior negatively affects answer quality, mainly
due to content homogenization. To mitigate this, platforms should optimize recommen-
dation algorithms to avoid overly similar answers, prioritizing those with higher infor-
mation entropy. These answers, being more diverse and innovative, reduce user fatigue
and improve quality. Additionally, platforms could introduce a "Unique Perspective"
label to recognize and promote answers with original insights, encouraging more valu-
able contributions.

4.3  Future Research Directions

Although this study has explored the impact of user learning behavior on answer qual-
ity, several areas require further investigation. Future research could focus on improv-
ing behavioral analysis methods by using larger models or reinforcement learning to
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enhance the accuracy of learning behavior analysis in Q&A communities. Additionally,
with the rise of Al-Generated Content (AIGC), future studies should explore how it
interacts with user learning behavior and its long-term effects on answer quality. This
would help optimize the synergy between Al- and user-generated content, ultimately
improving community contributions. Moreover, this study focuses on Zhihu, and it is
unclear whether the findings apply to other Q&A platforms or are specific to Zhihu’
cultural and platform characteristics. Future research should explore the generalizabil-
ity of these findings across different platforms and cultural contexts. Additionally, fu-
ture studies should address challenges in measuring information entropy, such as po-
tential cultural biases in entropy perception, to offer a more balanced view.

5 Conclusion

To enhance answer quality in online Q&A communities, this study investigates user
learning behaviors through the lens of social cognitive theory, constructs a model of
factors influencing answer quality. The SBERT model is employed to calculate seman-
tic similarity between answers under the same question, thereby quantifying user learn-
ing behaviors. To account for random effects at both the question and user levels, a
generalized linear mixed-effects model (GLMM) is applied for empirical analysis.

The results demonstrate a significant negative correlation between user learning be-
haviors and answer quality, primarily attributable to content homogeneity and a lack of
innovation, which diminish community recognition of answer quality. Information en-
tropy plays a moderating role in this relationship, with higher entropy mitigating the
negative impact of learning behaviors. Specifically, introducing novel ideas or employ-
ing diverse expressions in answers enhances quality.

Based on these findings, the study recommends that platforms optimize answer rec-
ommendation mechanisms by introducing a "unique perspective" label and prioritizing
high-quality answers to elevate overall content standards. This research not only pro-
poses a novel operational definition and quantitative measurement method for user
learning behaviors but also provides theoretical support and practical recommendations
for improving answer recommendation systems and user experiences on online Q&A
platforms.
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