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Abstract
[Purpose/Significance] The Q&A services provided by academic social networks
have become an important channel for scholars to quickly obtain academic in-
formation and solve academic problems. Implementing intelligent evaluation of
Q&A quality and service optimization based on machine learning is of great
significance for the dissemination of high-quality content in academic social net-
works. [Method/Process] Taking ResearchGate’s Q&A service as the research
object, this study constructs an answer quality evaluation system from four di-
mensions: structural features, content features, other features, and answerer
features, and utilizes machine learning methods and data augmentation tech-
niques for answer quality classification prediction. [Results/Conclusion] The
SMOTE algorithm demonstrates effectiveness in handling imbalanced samples;
Support Vector Machine achieves excellent classification performance in single-
model prediction; ensemble models further improve prediction accuracy, with
the ensemble model constructed based on Random Forest, Support Vector Ma-
chine, and BP Neural Network exhibiting the best classification performance.
Based on this, optimization of academic social network Q&A services can be
achieved by building an intelligent Q&A quality evaluation system.

Full Text
Preamble
Scholars often evaluate answer quality by transforming sentiment polarity into
quality assessment features based on data quality frameworks [8] and informa-
tion quality evaluation criteria [9], ultimately employing RankSVM algorithms
to fuse multiple features for predicting answer quality in Chinese Q&A com-
munities [10]. Through a review of relevant research, it becomes evident that
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when exploring factors influencing answer quality in Q&A communities, domes-
tic and international scholars have not only continued to apply classical theories
such as data quality frameworks but have also attempted to integrate different
theories and develop novel perspectives to expand and refine answer quality eval-
uation standards. For instance, Sun et al. [10] empirically constructed a social
search answer quality evaluation model from four dimensions: content quality,
contextual quality, source quality, and sentiment quality, while D. Ishikawa et
al. [11] developed a 12-dimensional evaluation index system for social Q&A com-
munity answer quality encompassing respondent experience, evidence sources,
politeness, and detail level. Additionally, some scholars have introduced user
perception and external cues into answer quality factor research to improve
evaluation standards. From the user perception perspective, Wu et al. [12] uti-
lized information architecture theory to evaluate user-generated answer quality
in academic Q&A communities from answer, user, and community viewpoints,
explaining indicators through emotion theory, cognitive theory, and user behav-
ior. From the external cues perspective, Zhang [13] combined cue theory with
user perspectives to identify seven types of external cues—including informa-
tion utilization cues, information identification cues, and information reporting
cues—that influence users’ perceived judgment of information quality in social
Q&A communities.

Regarding answer quality evaluation research, scholars generally treat answer
quality assessment as a machine learning classification problem [4], focusing pri-
marily on “selection and combination of answer quality influencing factors” and
“selection and optimization of prediction algorithms.” In factor selection and
combination, Cai and Kong et al. [14-15] proposed temporal features reflect-
ing answer dynamic characteristics and found that time-based features better
predict best answers compared to traditional features. Jiang et al. [16-17] ar-
gued that answers in Q&A communities carry sentiment, introducing sentiment-
annotated features and social-emotional features into automated answer quality
evaluation, with results showing that sentiment features improve classification
accuracy. In algorithm selection and optimization, Li et al. [18] studied answer
quality on the RG platform and found that optimized SVM algorithms had over-
whelming advantages in precision over other models. Guo et al. [16] employed
a GA-BP neural network model for automated evaluation, achieving high accu-
racy and low average error. Beyond classical machine learning methods, some
scholars have used deep learning models for answer quality evaluation, such as
Vekariya et al. [20] who utilized a global max pooling layer to compress param-
eters and reduce computation, combined with a DeepLSTM model to predict
best answers for given questions, and He et al. [21] who employed BTM topic
models to calculate semantic similarity of “question-answer pairs” and BERT
models to incorporate answer comments into quality evaluation.

However, existing research has primarily focused on comprehensive Q&A com-
munity contexts (e.g., Yahoo! Answers, Quora, Zhihu). While these studies have
produced numerous results, the validity of their proposed answer quality evalua-
tion systems and automated evaluation models in various vertical domain Q&A

chinarxiv.org/items/chinaxiv-202304.00662 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00662


communities remains to be verified. Users in comprehensive Q&A communi-
ties are mostly anonymous with complex backgrounds, whereas academic social
networks require users to provide real names and institutional affiliations dur-
ing registration, ensuring that answers on academic Q&A services are provided
by research personnel. This differentiated user group leads to distinct answer
characteristics, with academic Q&A services typically containing more complex
and professional content that may elaborate on fundamental theories, methods,
connotations, and extensions of academic problems [22-23]. Researchers have
found that answer quality evaluation criteria for academic Q&A services differ
significantly from those for comprehensive Q&A communities [24], necessitating
exploration of new features for evaluating answer quality in academic contexts.

Furthermore, current research on answer quality evaluation has concentrated
on “features and algorithms,” with few scholars exploring prediction accuracy
improvement from a data augmentation perspective. Additionally, relevant re-
search lacks guidance for academic social networking platform operators on how
to implement automated answer quality evaluation in Q&A services to optimize
platform services—issues that require further investigation and discussion.

3 Research Design
ResearchGate (RG) is currently the most popular academic social networking
site [25]. Since its launch in 2008, the platform has accumulated over 135
million publications, Q&A posts, and research projects, with more than 17
million users. Compared to other academic social networks, RG has leveraged
its large user base and Q&A functionality to accumulate rich Q&A interaction
data resources that can support intelligent Q&A quality evaluation research.
Given that Q&A quality evaluation typically assesses both answering behavior
and content, this study takes RG as its object to conduct empirical research
on optimizing academic social network Q&A services based on intelligent Q&A
quality evaluation.

Automated evaluation offers comprehensive advantages over manual evaluation
in terms of speed, accuracy, and cost, meeting the needs of academic social net-
working platforms to identify high-quality answers and optimize Q&A services.
Therefore, this study employs machine learning methods to implement intel-
ligent Q&A quality evaluation on the RG platform. The research framework
consists of three components: evaluation system construction and model selec-
tion, data preparation, and modeling/prediction. Evaluation system construc-
tion and model selection includes building the answer quality evaluation system
with indicator quantification and selecting evaluation models. Data prepara-
tion includes data collection, data cleaning (handling missing and abnormal
values), data transformation (automated feature extraction), and data annota-
tion (manual labeling to construct a supervised learning problem). Modeling
and prediction includes model evaluation and comparison, model optimization,
and classification prediction using combined models (see Figure 1 [Figure 1: see
original paper]).
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3.1 Answer Quality Evaluation System

To ensure the scientific validity and completeness of answer quality evaluation
indicators, this study conducted extensive literature review and selected indica-
tors previously confirmed to influence answer quality, constructing a preliminary
evaluation system comprising three dimensions: answer structural features, an-
swer content features, and answer other features. The respondent characteristic
dimension indicators were further supplemented based on RG platform func-
tionality to build a complete RG answer quality evaluation system (see Table 1
).

Table 1 RG Answer Quality Evaluation System

Dimension Indicator Explanation Primary References
Answer
Structural
Features

Answer
character
count

Number of
characters in
answer

[16,26]

Answer
keyword
count

Number of
keywords in
answer

[16-17]

Answer
sentence
count

Number of
sentences in
answer

[16-17]

Long sentence
ratio

Ratio of long
sentences to
total sentences

[16,26]

Punctuation
ratio

Ratio of
punctuation
marks to
characters

[16-17]

Answer
Content
Features

Question-
answer length
ratio

Ratio of
question length
to answer length

[26-27]

Question-
answer topic
similarity

Thematic
similarity
between
question and
answer

[15,17]

Text diversity Lexical diversity
in answer text

[17,26]

Answer
information
entropy

Information
volume
contained in
answer

[15,17]
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Dimension Indicator Explanation Primary References
Answer
sentiment
attitude

Sentiment
orientation
expressed by
respondent

[15,17]

Answer
subjectivity

Degree of
subjectivity in
answer

[15,26]

Answer Other
Features

Answer
response
order

Position of
answer in
chronological
sequence

[16-17]

Answer rec-
ommendation
count

Number of rec-
ommendations
answer received

[16-17]

Respondent
Characteris-
tics

RG-score RG’s metric for
evaluating users

[15,17]

Personal likes Total likes
received by
respondent

[15,17]

Citation
count

Total citations
of respondent’s
publications

[15,17]

Read count Total views of
respondent’s
publications

[16-17]

Research
project count

Number of
research
projects posted

[16-17]

Answer count Number of
questions
answered

[16-17]

Question
count

Number of
questions asked

[16-17]

Profile picture Whether
respondent has
profile picture

[16-17]

Publication
count

Number of
research
materials
posted/claimed

[16-17]
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3.1.1 Answer Structural Features Structural features refer to character-
istics that can be directly obtained through answer statistics. Similar to tra-
ditional web resources, answers on academic social networking platforms are
primarily presented in text format. Therefore, relevant indicators and methods
applicable to traditional web quality analysis can be applied to answer quality
evaluation in academic Q&A services, including text length, keyword count,
and punctuation ratio. Quantification of structural features is relatively simple;
using segmentation tools and text processing techniques, Python programs can
directly extract and quantify these indicators from answer texts.

3.1.2 Answer Content Features Content features refer to characteristics
embedded in text that require natural language processing to manifest. Quan-
tification methods include:

(1) Question-Answer Topic Similarity: High-quality answers should be-
long to the same topic as their corresponding questions [26]. LDA topic
models are used to calculate topics for both questions and answers sepa-
rately, followed by measuring topic similarity.

(2) Text Diversity: Text diversity is quantified by lexical diversity in answer
text [27]. Fewer average occurrences of vocabulary indicate stronger lexical
diversity. The calculation method is shown in Formula (1), where T i
represents the occurrence count of each word in the answer.

𝐷diversity = Total word count
∑𝑛

𝑖=1 𝑇 2
𝑖

Formula (1)

(3) Answer Information Entropy: From an information dissemination per-
spective, information entropy represents information value. High-quality
answers contain valuable information, making information entropy a proxy
for answer quality [26]. Answer information entropy is calculated using
Formula (2), where Pi represents the probability of each letter’s occur-
rence.

𝐻information entropy = −
𝑛

∑
𝑖=1

𝑃𝑖 ⋅ log2 𝑃𝑖 Formula (2)

(4) Answer Sentiment Attitude and Subjectivity: High-quality answers
exhibit stronger sentiment tendencies than average answers [16], and re-
spondent attitudes influence answer recognition [26]. Sentiment analysis
and subjectivity judgment are performed using the TextBlob Python li-
brary, with numerical outputs quantifying these features.

3.1.3 Answer Other Features Q&A services involve time-sensitive ques-
tions; questioners typically expect prompt responses, making answer value neg-
atively correlated with response time. This study introduces “answer response
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order” as an indicator reflecting timeliness, with all answers sorted chronologi-
cally in ascending order. Answer recognition (recommendation count) reflects
answer value—higher recommendation counts indicate greater likelihood of high
quality. “Answer recommendation count” is included as an indicator of user
recognition, obtainable via web scraping from RG pages. Since neither “answer
response order” nor “answer recommendation count” fit into other dimensions,
they are grouped as answer other features.

3.1.4 Respondent Characteristics Respondent characteristics focus on RG
platform users’ own attributes in Q&A interactions. Typically, opinion leaders
or more professional expert users provide higher-quality answers that receive
greater user support [15,17]. To extract features reflecting respondent influ-
ence, this study combines available RG user metrics and references the opinion
leader identification model ENIA [28], using RG-score, RI value, citation count,
personal likes, read count, and project count as indicators of respondent profes-
sionalism, activity, and influence. These metrics can be directly obtained and
quantified from respondent profile pages.

3.2 Model Selection

This study selects ID3 Decision Tree (Iterative Dichotomiser 3), Random Forest
(RF), Support Vector Machine (SVM), and BP Neural Network—common mod-
els in automated answer quality evaluation tasks—as baseline candidate models.
ID3, as a classic classification algorithm, offers moderate performance but fast
execution and strong interpretability, meeting baseline prediction requirements.
When a classification model outperforms ID3, it is considered valuable and eli-
gible for combined model prediction. Considering RF’s suitability for relatively
low-dimensional data (dozens of dimensions) with high accuracy requirements,
and SVM’s strong performance on small-sample machine learning problems,
both are selected as classification prediction models, aligning with this study’s
low-dimensional (23 features) and small-sample Q&A data characteristics. Ad-
ditionally, BP, as one of the most common deep learning algorithms, possesses
powerful feature fitting capabilities [29] suitable for situations with intrinsic
feature relationships. Since this study retained as many variables as possible
during evaluation system construction to avoid information loss from dimension-
ality reduction—resulting in some redundancy and correlation among evaluation
indicators—BP is selected as a classification model, matching the characteristic
of intrinsic relationships among Q&A data features.

4 Empirical Study on Intelligent Evaluation of Academic
Social Network Q&A Quality
4.1 Data Preparation

4.1.1 Data Acquisition and Preprocessing This study collected all an-
swers and respondent data before July 6, 2020, for the question “Can tech-
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nology replace a teacher?” under the AI theme on RG Q&A service, total-
ing 3,873 entries. Considering manual annotation costs, systematic sampling
was employed—starting from the first answer with a sampling interval of 200
entries—to select 2,000 answers as raw data. After data cleaning to remove miss-
ing values, abnormal values, and garbled data, 1,670 usable entries remained for
model construction. Python automation programs were then used to quantify
each indicator.

4.1.2 Data Annotation Based on existing Q&A community answer quality
factor research [30-33], answers were evaluated and labeled for quality across
five dimensions: practicality, relevance, completeness, readability, and persua-
siveness. Four experienced RG Q&A users were invited as annotators, trained to
establish consistent evaluation standards before manually performing binary la-
beling (1 for high quality, 0 for low quality). The final labeled dataset contained
251 high-quality samples and 1,419 low-quality samples—a ratio approaching
1:6.

4.2 Model Evaluation and Comparison

This study implemented RG Q&A service answer quality automated evaluation
models using Python 3.7 and libraries including keras, sklearn, and imblearn.
The dataset was automatically partitioned into training (80%) and testing (20%)
sets. After training ID3, RF, SVM, and BP algorithms on the training set
and optimizing parameters, model performance was compared using precision,
recall, and F1-score on the test set. Precision represents the proportion of
correctly classified positive samples among all predicted positive samples, while
recall represents the proportion of correctly classified positive samples among
all actual positive samples. Both metrics are positively correlated with classifier
performance. F1-score is the harmonic mean of precision and recall, providing
a more comprehensive evaluation [34].

As shown in Table 2 , all four models exhibited class imbalance bias when
classifying RG answer quality (classifiers tended toward severely imbalanced
accuracy—high for the majority class but extremely low for the minority class),
resulting in prediction failure and inability to detect high-quality answers (low
precision, recall, and F1-score). This issue critically undermines intelligent
Q&A quality evaluation in academic social networks, as the ultimate goal is to
screen and display high-quality answers. Typically, class imbalance is addressed
through undersampling or oversampling. Oversampling increases minority class
samples to approximate the majority class size [35], suitable for small, imbal-
anced datasets like this study’s data. To enable high-quality answer screening,
this study employs oversampling techniques to address label imbalance before
prediction.
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4.3 Model Optimization Based on SMOTE Algorithm

This study adopts the SMOTE (Synthetic Minority Oversampling Technique)
algorithm [36] to resolve label imbalance. SMOTE improves upon random over-
sampling by using KNN (K-Nearest Neighbor) technology to generate new sam-
ples rather than simply replicating original samples, producing more represen-
tative synthetic samples. Table 3 compares training/test sets before and after
SMOTE oversampling.

Table 3 Training and Test Sample Partitioning

Dataset Before SMOTE Balancing After SMOTE Balancing
High-quality Low-quality

Training Set 201 1,135
Test Set 50 284

After retraining the four classification models on the SMOTE-balanced dataset,
performance analysis (Table 4 ) shows significant improvements in precision
and recall for high-quality answer classification, meeting screening requirements.
Specifically, ID3 performs poorly compared to other algorithms, while RF and
BP neural networks show similar and relatively strong performance. SVM
demonstrates the best performance with the highest precision, recall, and F1-
score.

Table 4 Performance Evaluation of Four Classification Models (After
Optimization)

Model Precision Recall F1-score Support
ID3 0.72 0.68 0.70 334
Random Forest 0.89 0.91 0.90 334
SVM 0.94 0.95 0.94 334
BP Neural Network 0.90 0.92 0.91 334

4.4 Combined Model Prediction

To leverage different models’ strengths, researchers often combine them for
prediction—a concept proposed by J.M. Bates and C.W.J. Granger in 1969
and widely applied in machine learning. Since RF, SVM, and BP neural net-
works all outperform ID3, they participate in combined prediction through pair-
wise combinations (RF+BP, SVM+BP, SVM+RF) and full-model combination
(SVM+RF+BP).

Combination prediction uses “dynamic weighting.” For pairwise combinations,
given Model 1’s prediction M1 and Model 2’s prediction M2, dynamic weights
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w1 and w2 are assigned (w1 + w2 = 1, with w1 taking nine incremental values
from 0.1 to 0.9). The combined prediction Y is calculated as:

𝑌 = 𝑤1𝑀1 + 𝑤2𝑀2 Formula (3)

Similarly, full-model combination uses dynamic weighting across three models.
As weighting proportions change, optimal weighting yields the best prediction
results. Table 5 shows optimal weighting results for four combination models.

Table 5 Performance Evaluation of Combined Models

Combination Model Optimal Weighting Precision Recall F1-score Support
RF + BP 0.6RF + 0.4BP 0.91 0.93 0.92 334
SVM + BP 0.7SVM + 0.3BP 0.94 0.95 0.94 334
SVM + RF 0.5SVM + 0.5RF 0.93 0.94 0.93 334
SVM + RF + BP 0.4SVM + 0.2RF + 0.4BP 0.96 0.96 0.96 334

Results demonstrate that combined prediction significantly outperforms single-
model prediction. The SVM+RF+BP combination at a 4:2:4 ratio achieves
the best performance with an F1-score reaching 96%, showing the strongest
generalization capability. Thus, combined answer quality prediction models
effectively screen high-quality answers and can be applied to intelligent Q&A
quality evaluation in academic social networks.

5 Q&A Service Optimization Based on Intelligent Quality
Evaluation
Building on empirical results, this study proposes an intelligent Q&A quality
evaluation system architecture for RG (Figure 2 [Figure 2: see original paper])
to optimize academic social network Q&A services. The system comprises three
components: Q&A data collection and processing, answer quality evaluation,
and high-quality answer display. The first two components form the foundation
for automated answer quality evaluation, mining quality responses, while the
third component focuses on high-quality answer display functionality, directly
driving user experience improvements.

Figure 2 [Figure 2: see original paper] RG Q&A Quality Intelligent
Evaluation System Architecture

5.1 Q&A Data Collection and Processing

The system connects to RG’s Q&A database to automatically acquire answer
texts, response times, respondent information, and other Q&A data. Scattered
and disordered data undergo cleaning, transformation (automated feature ex-
traction), and other processing steps to form raw data suitable for quality eval-
uation.
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5.2 Answer Quality Evaluation

The optimal combined model validated earlier serves as RG’s automated answer
quality evaluation model. Q&A data exported from the database is input into
the combined prediction model, which automatically predicts and labels answer
quality through computer programs.

5.3 High-Quality Answer Display

High-quality answer display is subdivided into three sub-components: “quality
answer display,” “quality content push mechanism,” and “respondent incentive
mechanism,” focusing on improving user experience for both information recip-
ients (lurkers and questioners) and information providers (respondents).

The system architecture can similarly guide other academic social networking
platforms’ Q&A service optimization. Particularly for domestic academic so-
cial networks still in early development, implementing intelligent Q&A quality
evaluation systems helps control information quality issues early, prevent neg-
ative impacts, mine quality content to enhance service quality, and promote
platform development. Specifically, platforms can create a “quality answers”
section on each question page to display automatically screened high-quality
answers, enabling lurkers and questioners to access potentially useful responses
immediately, saving search time and improving browsing experience. Since indi-
viduals inherently desire recognition and appreciation [37], publicly displaying
users’ quality answers affirms their contributions on academic social networks,
stimulating creation enthusiasm and increasing participation in academic Q&A
services. Building on quality content mining, platforms can further establish
a “quality content recommendation mechanism” that regularly pushes interest-
ing questions with quality answers to users based on their professional back-
grounds and research interests, facilitating rapid quality content dissemination.
Additionally, since attention or recognition received after answering positively
influences respondents’ willingness to participate [38], implementing a “quality
answer incentive mechanism” using community points or honor badges when an-
swers are identified as high-quality can stimulate respondents’ sense of identity
and achievement, promoting sustained participation.

6 Conclusions and Limitations
This study employs machine learning for automated answer quality evaluation
to advance intelligent Q&A quality assessment and promote information quality
improvement and service optimization in academic social networks. Empirical
results demonstrate the feasibility and rationality of screening quality content
(high-quality answers) in academic social network Q&A services from four per-
spectives: answer structural features, content features, other features, and re-
spondent characteristics. Using machine learning methods combined with data
augmentation techniques like SMOTE and combined model construction effec-
tively screens high-quality answers. Additionally, this study proposes a holistic
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approach for designing and implementing intelligent Q&A quality evaluation
systems, providing references for RG and other platforms to optimize Q&A ser-
vices. The optimization solution meets users’ information quality expectations
through quality content display, builds community identity and achievement for
respondents, incentivizes sustained participation, and ultimately enhances user
stickiness on both ends of Q&A services to achieve a virtuous cycle.

This research has limitations. First, it only uses AI-themed Q&A data to vali-
date the evaluation system and automated model’s effectiveness and rationality;
the relatively single topic requires further validation across broader themes. Sec-
ond, conclusions and optimization solutions based on RG platform data need
validation on other academic social networks or Q&A communities. Third,
this study aims to reveal Q&A service optimization paths from the platform
perspective; future research could further investigate answer quality from the
respondent’s perspective.
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Abstract: [Purpose/significance] The Q&A service provided by academic social
networking sites has become an important way for scholars to access academic
information quickly and solve academic problems. It is of great significance
for the dissemination of high-quality content in academic social networking
sites to implement the intelligent evaluation of Q&A quality and the service
optimization based on machine learning. [Method/process] This paper took
ResearchGate as the research object, constructed an answer quality evaluation
system based on four dimensions of structural features, content features, respon-
dent characteristics and other characteristics of answers, and then used machine
learning methods and data augmentation technology to perform the automatic
answer quality classification prediction. [Result/conclusion] The results show
that SMOTE algorithm is effective in dealing with unbalanced samples; In the
first mock exam, support vector machine (SVM) achieves excellent classification
performance; The combined model can further improve the prediction accuracy,
and the combined model based on random forest, SVM and BP neural network
has the best classification performance. On this basis, the academic social net-
work Q&A service can be optimized by building the intelligent quality evaluation
system.

Keywords: answer quality evaluation; Q&A service; academic social network-
ing site; machine learning

Note: Figure translations are in progress. See original paper for figures.
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