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Abstract

[Purpose/Significance] Aims to construct a quality evaluation index system for
user-generated answers in social Q&A communities, achieve automated evalua-
tion and screening of answer quality oriented towards user needs, and enhance
the knowledge service quality of social Q&A communities. [Method/Process]
Introduces social-emotional features and user characteristics, employs factor
analysis and structural equation modeling to empirically construct a quality
evaluation index system for user-generated answers. An automated answer qual-
ity evaluation method is designed based on the GA-BP neural network model.
Finally, data from the Zhihu website is selected to conduct applied research on
the user-generated answer quality evaluation index system and the automated
evaluation method. [Results/Conclusion] Constructs an evaluation index sys-
tem comprising five dimensions: answer text features, answerer characteristics,
timeliness features, user features, and social-emotional features. Experimental
analysis reveals that the GA-BP neural network-based automated answer qual-
ity evaluation method demonstrates higher accuracy and lower average error
compared with other methods, possesses feasibility and effectiveness, and can
be further applied and promoted in practice.
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Abstract

[Purpose/Significance] This study aims to construct an evaluation index sys-
tem for user-generated answer quality in social Q&A communities, enabling
automated evaluation and screening of answer quality oriented toward user
needs, thereby improving knowledge service quality in social Q&A communities.
[Method/Process] The research introduces social-emotional features and user
characteristics, employing factor analysis and structural equation modeling to
empirically construct a user-generated answer quality evaluation index system.
An automated answer quality evaluation method is designed based on the GA-
BP neural network model. Finally, data from the Zhihu website is selected
to conduct an applied study of the user-generated answer quality evaluation
index system and automated evaluation method. [Result/Conclusion] The
study constructs an evaluation index system comprising five dimensions: an-
swer text characteristics, respondent characteristics, timeliness characteristics,
user characteristics, and social-emotional characteristics. Experimental analysis
reveals that the GA-BP neural network-based automated answer quality eval-
uation method achieves higher accuracy and lower average error compared to
other methods, demonstrating feasibility and effectiveness that warrant further
application and promotion in practice.

Classification Number: G203
Keywords: Social Q&A Community; User-Generated Answers; Quality Evalu-
ation; User Demand

In recent years, social Q&A communities have developed rapidly, with registered
user numbers showing exponential growth. Taking Zhihu as an example, since
opening public registration in 2013, by the end of November 2018, Zhihu offi-
cially announced that registered users had exceeded 220 million, with over 30 mil-
lion questions and 130 million answers. Social Q&A communities have evolved
into diversified, well-established large-scale knowledge-sharing platforms, becom-
ing an important channel for people to obtain information and knowledge daily.
However, social Q&A communities are characterized by their social and open
nature, with questions and answers primarily generated through user participa-
tion. Any user can freely ask and answer questions, resulting in uneven quality
of user-generated answers. Moreover, due to limitations in their own experi-
ence and cognition, question-asking users may not necessarily select the best
answers; some may even be malicious advertisements or false information. This
forces users to expend significant time and effort searching for, identifying, and
acquiring knowledge in social Q&A communities, leading to a phenomenon of
“knowledge overload and disorientation,” reducing the efficiency of knowledge
seeking and acquisition, and resulting in poor user experiences. Additionally,
as the user base of social Q&A communities expands and the volume of user-
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generated questions and answers increases, manual quality evaluation becomes
difficult and inefficient. Relying solely on manual review or annotation cannot
adequately address current quality issues in social Q&A communities. There-
fore, automated evaluation of user-generated answer quality has become an
urgent problem for social Q&A community operations.

Although scholars both domestically and internationally have conducted ex-
tensive research on answer quality evaluation in Q&A communities, a unified
evaluation standard has yet to emerge.

1. Current Research Status at Home and Abroad

1.1 Feature Selection for Answer Quality Evaluation in Q&A Com-
munities

Internationally, S. Kim et al. [1] studied the criteria for best answer selec-
tion in Yahoo! Answers from a user-oriented relevance perspective, finding
that users consider social-emotional factors, content, and utility-related eval-
uation standards when selecting and adopting best answers, with evaluation
standards varying across different topics. D. Ishikawa et al. [2] constructed
a 12-dimensional Q&A community answer quality evaluation index system in-
cluding respondent experience, evidence sources, politeness, detail level, opin-
ions, relevance, specificity, and comprehensiveness. S. Oh et al. [3] selected 10
indicators—information accuracy, completeness, relevance, source reliability, re-
spondent empathy, objectivity, readability, politeness, confidence, and respon-
dent effort—as measures of answer quality, comparing evaluation differences
across different professional groups. P. Fichman [4] evaluated Q&A community
answer quality from three aspects—accuracy, completeness, and verifiability—
finding that some non-mainstream Q& A websites also had high-quality answers,
with answer quality being less related to the platform itself. A. Y. K. Chua et
al. [5] examined the relationship between answer speed and answer quality, dis-
covering significant differences between answer quality and speed across different
question types, with the highest-quality answers demonstrating better overall
quality than the fastest answers.

Domestically, scholars have primarily selected feature indicators from answer
text and non-text perspectives to construct answer quality evaluation index
systems. Sun Xiaoning et al. [6] empirically constructed a social search answer
quality evaluation model from four dimensions: content quality, contextual qual-
ity, source quality, and emotional quality. Li Xiangyu et al. [7] combined expert
scoring with triangular fuzzy weighted average G1 method to construct an SQA
platform answer quality evaluation index system, confirming its scientific valid-
ity. Zhang Yuxuan [8] applied signaling theory from a user perspective, finding
that seven types of external cues—including information utilization cues, infor-
mation recognition cues, information reporting cues, information negation cues,
information capability cues, information appearance cues, and system recom-
mendation cues—influence users’ perceived judgment of information quality in
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social Q&A communities, proposing an external cue-based information quality
perception model for social Q&A platforms. Jiang Wen et al. [9] introduced
emotional features into online Q&A community information quality evaluation,
assessing quality from four dimensions: text features, user features, timeliness
features, and emotional features. Yuan Hong et al. [10] constructed a three-
dimensional Q&A community answer quality evaluation index system from the
definition of information quality: answer form, answer content, and answer
utility. Kong Weize et al. [11] evaluated Q&A community answer quality from
perspectives of text features, temporal features, link features, question granular-
ity features, and Baidu Knows community user characteristics. Luo Yi et al. [12]
introduced the new RIPA theory, arguing that three indicators—completeness,
professionalism, and authority of user-generated content—are key factors affect-
ing answer quality on social Q&A platforms.

1.2 Research on Answer Quality Evaluation Methods in Q&A Com-
munities

Currently, scholars generally treat answer quality evaluation as a machine
learning-based classification problem [13], applying machine learning methods
to Q&A community answer quality evaluation, such as maximum entropy,
support vector machines, decision trees, random forests, logistic regression, and
neural networks. Some scholars employ traditional evaluation methods like
hierarchical analysis and fuzzy comprehensive evaluation, while others conduct
manual annotation-based evaluations using combined manual and automated
approaches. Internationally, to improve best answer discovery and prediction
accuracy, some scholars treat answer quality evaluation as a classification prob-
lem, enhancing precision and recall through improved classification algorithms.
For example, J. Jeon et al. [14] proposed a Q&A community answer quality
prediction method based on non-textual features, empirically demonstrating
significant improvement over basic feature-based prediction. C. Shah et al. [15]
used Yahoo! Answers as a case study, first employing manual annotation to
evaluate answer quality for given questions, then extracting various features of
questions, answers, and users to train classifiers for best answer selection.

Domestically, Li Chen et al. [16] designed and implemented a Q&A quality
classifier based on feature sets by extracting textual and non-textual features
according to given Q&A quality criteria. Wang Wei et al. [17] introduced struc-
tured features, text features, and user social attributes into a Chinese Q&A
community answer quality evaluation feature system, then selected three evalua-
tion methods—Ilogistic regression, support vector machines, and random forest—
combined with three newly designed features and classical text/link features to
classify high-quality and non-high-quality answers. Cui Minjun et al. [18] ex-
tracted four types of features—text, non-text, language translatability, and link
count in answers—based on question types, using logistic regression algorithms
to evaluate answer quality for various question types. Hu Haifeng [19] studied
feature representation and fusion of textual and non-textual information for
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user-generated answer quality evaluation.

1.3 Literature Review Summary

Reviewing existing research reveals that current studies primarily employ single
or multiple feature indicator combinations to construct user-generated answer
quality evaluation index systems. However, these systems suffer from incom-
pleteness, lack of unified standards, subjectivity and ambiguity in some indica-
tors, and difficulty in quantification and judgment. Few studies consider the
impact of user social-emotional features on answer quality evaluation, nor do
they account for individual differences such as user needs, interests, and cogni-
tive levels, lacking personalized evaluation index systems oriented toward user
needs. Scholars have treated answer quality evaluation as a machine learn-
ing classification problem, employing methods such as SVM, stochastic gradi-
ent boosting, decision trees, maximum entropy, logistic regression, Bayesian,
and J48, all achieving good experimental results. Although numerous studies
address automated answer quality evaluation, few scholars have used neural
network methods for evaluation or compared their effectiveness and accuracy
differences with other methods.

Given these gaps, this study combines previous research findings to construct
a user-generated answer quality automated evaluation index system from a
user needs perspective, attempting to solve problems of indicator ambiguity,
incompleteness, and lack of personalization. Treating answer quality automated
evaluation as a machine learning problem, we select the typical machine learn-
ing method—genetic algorithm optimized BP neural network model—to con-
duct empirical applied research based on the constructed user-generated answer
quality automated evaluation index system, proposing an automated evaluation
method for user-generated answers in social Q&A communities.

2. Construction of User-Generated Answer Quality Evalu-
ation Index System

2.1 Initial Selection of Evaluation Indicators

Referring to literature [13] on answer quality evaluation indicators, this study
posits that users are influenced by multiple factors when evaluating answer
quality, generally considering answer text content quality, respondent quality,
and timeliness—three categories of features whose impact on answer quality has
been confirmed by most research. However, as an open social website, social
Q&A community users also consider other users’ evaluations of answer quality
(such as likes, forwards, comments, etc.) when screening and evaluating answers.
They are easily influenced by interpersonal relationships, community opinion
leaders, and interactive communication. Opinion leaders in Q&A communities
can influence other users’ cognition, and their answers can gain more support
and agreement from followers [17]. Moreover, respondents’ emotional attitudes
and positivity levels also affect users’ answer adoption. Therefore, this study
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introduces users’ social-emotional attitude features toward answers into answer
quality evaluation. Additionally, different users in social Q&A communities
are affected by individual differences in cognition, needs, and interests, holding
different standards and requirements for answer quality evaluation. Thus, user
characteristics must also be considered in the answer quality evaluation process
to make screened answers more aligned with personalized user needs.

Consequently, this study introduces user social-emotional and user character-
istics into answer quality evaluation, dividing user-generated answer quality
evaluation indicators into five dimensions: answer text characteristics, respon-
dent characteristics, timeliness characteristics, user characteristics, and social-
emotional characteristics. Through extensive reading and review of informa-
tion quality evaluation literature, and based on theoretical frameworks such as
the Information Systems Success Model, Uses and Gratifications Theory, and
Data Quality Framework [20], 24 evaluation indicators were initially selected,
as shown in Table 1 .

After initially selecting social Q&A community user-generated answer quality
evaluation indicators, the authors employed expert interviews to revise rele-
vant expressions, focusing on listening to experts’ opinions regarding indicator
rationality and completeness. Discussions explored whether the dimensional di-
vision and indicator selection were reasonable, whether indicator names were
appropriate, and whether ambiguity or difficulty in measurement existed, elim-
inating indicator ambiguity and vagueness to achieve preliminary standardized
screening. Based on expert suggestions and feedback, the user-generated an-
swer quality automated evaluation indicators were formed, as shown in Figure
1 [Figure 1: see original paper]. Specific revisions were as follows:

(1) Deletion of evaluation indicators. The indicator “Number of questions
asked by respondent” under respondent characteristics was deleted be-
cause it reflects respondent needs rather than their ability and experi-
ence in generating answers, having insufficient impact on answer quality.
Three indicators under answer text characteristics were deleted: “Stop-
word count,” “Paragraph count,” and “Question-answer coupling degree.”
The stopword count in answer text should be answer text length minus
keyword count, creating indicator redundancy. “Paragraph count” in an-
swer text characteristics cannot reflect answer quality and has minimal im-
pact. Additionally, “Question-answer coupling degree” duplicates “User
preference-answer coupling degree,” as user questions directly reflect user
needs and preferences. Therefore, “Stopword count,” “Paragraph count,”
and “Question-answer coupling degree” were deleted from answer text
characteristics. The indicator “User education level” under user charac-
teristics was deleted because it has minimal impact on users’ judgment of
answer text quality.

(2) Supplement of evaluation indicator factors. The indicator “Number of
images or animations” was added to answer text characteristics. In the
mobile Internet environment, many users prefer understanding knowledge

chinarxiv.org/items/chinaxiv-202307.00656 Machine Translation


https://chinarxiv.org/items/chinaxiv-202307.00656

ChinaRxiv [$X]

through images or animations, which contain large amounts of informa-
tion and facilitate comprehension. Therefore, the number of images or
animations in user-generated answers affects answer quality. The indi-
cator “Match degree between professional field and question” was added
to respondent characteristics to reflect respondents’ professionalism and
familiarity with the question domain.

2.2 Empirical Analysis of User-Generated Answer Quality Evaluation
Index System

2.2.1 Questionnaire Design and Distribution The questionnaire primar-
ily measured user-generated answer quality in social Q&A communities, using
declarative sentences to express the feasibility and rationality of each evaluation
indicator for answer quality measurement. A total of 610 questionnaires were
collected through online and field distribution, with 580 valid questionnaires ob-
tained. The collected questionnaires were randomly divided into two parts (290
samples each) for Exploratory Factor Analysis (EFA) and Confirmatory Factor
Analysis (CFA).

Reliability testing of the survey sample data revealed that Cronbach’s alpha val-
ues for all five dimensions exceeded 0.8, with overall sample reliability at 0.846,
indicating good data reliability. However, after deleting indicators “Question-
answer length ratio C5” and “Follow relationship C20,” the reliability of answer
text characteristics dimension B1 and social-emotional dimension B5 improved
significantly, as did overall questionnaire reliability. This suggested these indica-
tors failed reliability testing and should be deleted. KMO and Bartlett’s spheric-
ity tests were then conducted, revealing significant approximate chi-square val-
ues in Bartlett’s test, indicating common factors in the correlation matrix and
good overall sample validity suitable for further factor analysis.

2.2.2 Exploratory Factor Analysis This study employed principal compo-
nent analysis for EFA. When five common factors were extracted, the cumulative
variance contribution rate reached 55.051%. Maximum variance rotation was
applied, converging after 10 iterations, yielding the rotated factor matrix shown
in Table 2 .

Table 2 shows that evaluation indicator variable “Emotional feature word count
C15” had similar loading factors on common factors 2, 4, and 5, with insignif-
icant differences and poor validity, warranting deletion. Common factor 1 ex-
plained five indicator variables (C1, C2, C3, C4, C6), corresponding to all in-
dicators of answer text characteristics dimension. Common factor 2 explained
two indicator variables (C13, C14), corresponding to all indicators of user char-
acteristics dimension. Common factor 3 explained four indicator variables (C7,
C8, C9, C10), corresponding to all indicators of respondent characteristics di-
mension. Common factor 4 explained four indicators (C16, C17, C18, C19),
corresponding to four indicators of social-emotional dimension excluding C15.
Common factor 5 contained only two indicators (C11, C12), corresponding to
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timeliness dimension indicators. This aligned with our preliminary dimensional
assumptions, confirming the rationality of dividing user-generated answer qual-
ity evaluation indicators into five dimensions, with further refinement based on
CFA results.

2.2.3 Confirmatory Factor Analysis Structural Equation Modeling soft-
ware AMOS 17.0 was used for Confirmatory Factor Analysis (CFA). Another
portion of sample data (290 copies) was used to further test indicator validity,
with 17 observed variables, 5 latent variables, and 17 residual variables config-
ured. The maximum likelihood estimation method was employed to estimate
loading coefficients between observed variables and their corresponding latent
variables, as shown in Table 3 .

According to general empirical rules, if the absolute C.R. value exceeds 2.58,
the model’s parameter estimates reach the 0.01 significance level, with path
coeflicients receiving data support; when P-values are less than 0.001, "***” is
displayed, indicating the model reaches the 0.001 significance level [34]. Table
3 shows that in the evaluation index system significance test, the standardized
loading factor estimate for “Disagree count C18” was less than 0.5, indicating
the indicator failed validity testing and should be deleted. Model fit indices
provided by AMOS were then used to evaluate the rationality of the constructed
evaluation index system. According to various indicator testing standards, all
test results fell within acceptable ranges, indicating the overall evaluation index
system basically met testing requirements. After deleting observed variable
C18, the model’s absolute fit index 2 value decreased from 186.125 to 150.568,
and the CMIN/DF value decreased from 1.708 to 1.602, indicating improved
absolute fit performance. This further confirmed that deleting indicator C18
enhanced the rationality of the constructed evaluation index system.

2.3 Revision and Establishment of Evaluation Indicators

Following empirical analysis using both EFA and CFA, and considering test re-
sults comprehensively, the indicator “Question-answer text length ratio C5” in
answer text dimension was deleted due to failing reliability testing and having
redundancy with “Text length C1.” The indicator “Follow relationship C20”
also failed reliability testing and was deleted. For the social-emotional dimen-
sion, “Emotional feature word count C15” showed poor validity during principal
component analysis with similar loadings across multiple common factors, cor-
relating with “Respondent emotional attitude tendency,” warranting deletion.
Additionally, indicator “Disagree count C18” had loading coefficients less than
0.5, failing significance testing, and its deletion significantly improved model fit
and loading coefficients for other indicators in the same dimension. In summary,
the final selected social Q&A community user-generated answer quality auto-
mated evaluation indicators include 5 dimensions and 16 indicators, as shown
in Figure 2 [Figure 2: see original paper].
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3. Automated Evaluation of User-Generated Answer Qual-
ity Based on GA-BP Neural Network

3.1 Acquisition and Quantification of Evaluation Indicators

Automated evaluation of user-generated answer quality in social Q&A commu-
nities requires algorithmic implementation and automatic quantification of eval-
uation indicators. The GoSeeker web scraping software was used to directly col-
lect data and text information. Tools and methods such as jieba segmentation,
HowNet emotional dictionary, and text processing techniques were employed,
with Python and Matlab programs written to implement indicator statistics and
quantification.

(1)

Text characteristic dimension indicators acquisition and quantifi-
cation. This includes: Text length: directly quantified using character
count of answer text. Within a certain threshold, longer answer text gener-
ally indicates richer, more complete information and better satisfaction of
user knowledge needs, implying higher answer quality. Keyword count:
quantified using word frequency statistics of answer text excluding stop-
words. Total word frequency minus stopword frequency yields keyword
count. Sentence count: quantified by counting occurrences of sentence-
ending punctuation marks (periods, question marks, etc.). External link
count: refers to reference sources and answer expansion links appearing in
answer text, quantified by counting hyperlinks. Image/animation count:
directly obtained by counting images or animations in answer text.

Respondent characteristic dimension indicators acquisition and
quantification. This includes: Best answer count: quantified by the
number of answers adopted as best answers among all respondent’s an-
swers, or by best answer adoption rate. In Zhihu, since no explicit best
answer designation exists, the number of answers featured in Zhihu Daily
or Zhihu Roundtable is used for quantification.  Total answers count:
quantified by the total number of questions answered by the user, indicat-
ing experience and participation enthusiasm. User authority: quantified
directly by respondent’s user level or points, where higher levels/points
indicate higher community recognition and influence. Professional field-
question match degree: coded as 1 if professional field matches question
domain, 0 otherwise.

Timeliness dimension indicators acquisition and quantification.
This includes: Answer relative response order refers to the sequential posi-
tion of the current answer among all answers to the same question, sorted
by response time. Quantified as:

Answer response time order

Answer relative response order =
Total number of answers

Answer-question generation interval can be quantified by the day difference
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between answer date and question date. To avoid bias from excessively large
values, grouping methods are applied. After questionnaire surveys and inter-
views, the day difference ranges and corresponding 10-point scale values are
shown in Table 4 .

(4) User dimension indicators acquisition and quantification. This
includes:  Asker question count: generally available in user profiles on
social Q&A communities, directly quantified through web scraping. For
example, Zhihu user profiles include “question count” information. User
preference-answer coupling degree: quantified using similarity between an-
swer text vector and user preference vector. Since questions most directly
reflect user knowledge needs, similarity between question and answer text
can be used for measurement.

(5) Social-emotional dimension indicators acquisition and quantifi-
cation. This includes: Agree count and comment interaction can be
directly quantified through web scraping. Respondent emotional attitude
includes three polarities: positive, negative, and neutral, quantified by
counting emotional words in answer text based on an emotional baseline
dictionary. Comment interaction quantity is quantified by the number of
comments under answers.

3.2 User-Generated Answer Quality Evaluation Based on GA-BP
Neural Network

The BP neural network is a neural network trained using error backpropagation,
the most widely applied artificial neural network algorithm, comprising three
layers: input, hidden, and output. Standard BP neural networks learn through
supervised learning, employing gradient descent on error functions to minimize
mean square error between actual and expected outputs [35]. Although widely
applied, BP neural networks suffer from easily falling into local minima, inability
to guarantee convergence to global minima, slow convergence speed, and long
training times. However, Genetic Algorithms (GA) employ probabilistic op-
timization methods, automatically obtaining and guiding optimization search
spaces, adaptively adjusting search directions without requiring deterministic
rules, possessing strong global search capabilities and optimization performance
[36]. Genetic algorithms offer good global search ability, easily obtaining global
optimal solutions, effectively overcoming BP algorithm’s local optima defects
while optimizing BP neural network initial weights and thresholds. Therefore,
selecting genetic algorithms to optimize BP neural networks (hereafter “GA-
BP neural network”) can accelerate BP neural network convergence, improving
prediction accuracy and stability.

User-generated answer quality in social Q&A communities is influenced by 16
feature factors across five dimensions, making its automated evaluation result
difficult to express with mathematical formulas—a typical nonlinear problem.
However, as a multi-layer feedforward network, BP networks possess powerful
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nonlinear mapping capabilities, capable of simulating and analyzing nonlinear
relationships among the five dimensions and 16 evaluation indicators, enabling
nonlinear classification and prediction. After repeated learning and training,
they can sufficiently approximate any complex nonlinear relationship. More-
over, GA-BP neural network algorithms have been widely applied in other fields
with fruitful results, providing sound theoretical and practical foundations that
make social Q& A community user-generated answer quality evaluation more ob-
jective and rational. Therefore, this study employs genetic algorithm-improved
BP neural networks for automated evaluation of user-generated answer quality
in social Q&A communities. Before training the BP neural network, genetic
algorithms are used to optimize initial weights and thresholds, narrowing the
search range before applying BP neural network algorithms for automated eval-
uation.

The GA-BP neural network-based social Q&A community user-generated an-
swer quality evaluation process is shown in Figure 3 [Figure 3: see original

paper].

3.2.1 Indicator Feature Extraction, Quantification, and Normaliza-
tion First, the GoSeeker web scraping software was used to automatically
crawl data, extracting each evaluation indicator feature using the quantification
methods described in Section 3.1. Since extracted sample data had indicators
with different magnitudes and significant gaps between them, direct application
in GA-BP neural network computation could lead to similarly scaled network
weights, making the constructed network overly “sensitive.” To ensure BP neu-
ral network training speed and accuracy, and avoid errors from excessively large
or small data, collected data must be normalized. This study uses S-type func-
tions as activation functions, with value domains limited to [-1, 1], requiring
sample data normalization to the interval [-1, 1]. The premnmx function was
adopted for normalizing extracted sample data, as shown in formulas (1) and

(2):

t —mint

—o WY 4 (g
Pn maxt — mint (1)

p —minp

t, =2 —-1 (2

" maxp — minp
In formulas (1) and (2), p and t represent input and output data values, min p
and max p represent input data minimum and maximum values, and min t and

max t represent output data minimum and maximum values.

3.2.2 BP Neural Network Initialization

(1) Input and output layer determination. Kolmogorov’s theorem [37]
proves that a BP neural network with one hidden layer can approximate
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any mapping relationship with arbitrary precision. Therefore, to simplify
model complexity and improve GA-BP neural network learning speed and
efficiency, this study configured the social Q&A community user-generated
answer quality evaluation model as a 3-layer network structure with only
one hidden layer. The five dimensions and 16 indicators of social Q&A
community user-generated answer quality evaluation serve as GA-BP neu-
ral network input layer, resulting in 16 input layer neurons. The output
layer result reflects user-generated answer quality level, so the output layer
has 1 neuron.

Some studies manually annotate answer quality levels as output variables, di-
viding quality into five levels: very low, low, medium, high, and very high.
However, manual annotation may differ from actual user needs. To reflect dif-
ferences in user information needs, this study defines user-selected best answers
as the highest level, then calculates similarity between other answer texts and
best answers to classify answer quality levels, as shown in Table 5 . If no best
answer exists, the answer with the most agree/support votes is selected as the
best answer.

2)

Hidden layer node determination. This study uses the trial-and-
error method to determine BP neural network hidden layer nodes. With
other network parameters held constant, the same sample set is trained
repeatedly by adjusting hidden layer node numbers, selecting the node
count that yields the minimum MSE as optimal. Formula (3) provides an
initial estimate, with trial-and-error determining the final optimal hidden
layer node count.

n=vn+m+a (3)

In formula (3), n_ 1 represents hidden layer node count, n represents input layer
node count, m represents output layer node count, and a is a constant between

1-10.
3)

(4)

Initialization function setting. BP neural network functions include
transfer functions, learning functions, and performance functions. Trans-
fer functions typically use S-type logarithmic or tangent functions. Since
this study normalizes input/output data to [-1, 1], suitable for Sigmoid
tangent function value ranges, the hidden layer transfer function tansig
and output layer transfer function logsig were selected. Momentum gra-
dient descent was adopted as the network training method, with learning
function learngdm and training function trainingdm.

Initialization weights and thresholds. Genetic algorithm optimiza-
tion of BP neural network initial weights and thresholds proceeds as fol-
lows:

Individual encoding and initial population generation. Real-number en-
coding was used for individuals. The encoding string comprises hidden-input
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layer connection weights, output-hidden layer connection weights, hidden layer
thresholds, and output layer thresholds. Network weights and thresholds are
concatenated in sequence to form a real-number array serving as a genetic al-
gorithm chromosome. Encoding length is shown in formula (4). Within weight
and threshold ranges, M chromosomes form the initial population. Since pop-
ulation size significantly impacts genetic algorithm global search performance,
appropriate population sizes must be selected based on specific problems.

S=nxn+nxm+n+m (4)

In formula (4), S represents population size, n_1 represents hidden layer node
count, n represents input layer node count, and m represents output layer node
count.

Fitness function setting. Genetic algorithm evolutionary search relies on
fitness functions, using fitness values of each chromosome in the population
for searching. Individuals with higher fitness values have greater probability
of being inherited by the next generation. The fitness function is set as the
reciprocal of BP neural network error. When this fitness function reaches its
maximum, BP neural network weights and thresholds are optimized, as shown
in formula (5):

f0) = 5155 ©)

In formula (5), f(i) represents the fitness value of chromosome i; MSE represents
the sum of squared errors between BP neural network predicted output and
expected output.

Individual selection. Selection operation uses ranking method, sorting in-
dividuals by fitness value from smallest to largest, with the smallest fitness
individual assigned rank 1 and the largest assigned rank M. Individual selection
probability is then calculated using fitness proportionate selection method, as
shown in formula (6):

i
=t (6
P; > 7, (6)

In formula (6), f_i represents individual i’s fitness value; m represents popula-
tion individual count.

Crossover and mutation operations. Crossover uses single-point crossover,
with the optimal individual copied directly to the next generation without
crossover. Other individuals undergo crossover with probability p_c to pro-
duce two new individuals. Similarly, the optimal individual is copied directly
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without mutation. Mutation uses uniform mutation, with other individuals mu-
tated with probability p_m to produce new individuals. Current population
fitness values are then calculated to identify the optimal individual, iterating
until conditions are met.

3.2.3 GA-BP Neural Network Training Process The GA-BP neural net-
work training process for social Q&A community user-generated answer quality
evaluation involves comparing actual output answer quality level y with ex-
pected quality level Y. If they differ, errors are calculated using relevant error
formulas, then error signals are backpropagated along original paths. Different
sample data are used for learning and training to obtain weight coefficients be-
tween input-hidden and hidden-output layers, making MSE values progressively
smaller until errors fall below the set threshold or maximum training iterations
are reached. The GA-BP neural network obtains initial weights and thresholds
through training, forming the evaluation model. Test set sample data are then
input into this evaluation model for automated evaluation. The output layer
produces actual utility value y, which is restored to real values using the postm-
nmx function to obtain answer quality evaluation results, completing the answer
quality evaluation.

4. Applied Research—Taking the “Zhihu” Website as an
Example

4.1 Data Collection and Preprocessing

This study selected answers to the question “How to evaluate Huawei Mate
10 & Mate 10 Pro?” on Zhihu as the application object for quality evaluation
methods. As of January 20, 2018, this question had 494 answer texts. GoSeeker
software was used to collect relevant data on question askers/viewers, respon-
dents, and answer texts. The quantification methods described in Section 3.1
were applied to each indicator. During quantification, since Zhihu lacks explicit
user levels and authority, follower count was used for quantification, assuming
more followers indicate higher authority. Since Zhihu lacks explicit best an-
swer designation, the number of answers featured in Zhihu Daily and Zhihu
Roundtable was used to quantify best answer count, assuming featured answers
possess authority and representativeness.

Considering different user needs’ impact on answer text quality, 10 Zhihu APP
users aged 18-35 were selected as research subjects (User 1-10). From a user
perception perspective, answer quality levels were manually annotated using
a 10-point scale without predetermined evaluation standards, relying solely on
subjective judgment. Since only one question was selected for this applied re-
search, user question count was identical across users and had no impact on
output, thus only used for comparative analysis among multiple users. Follow-
ing the general 80-20 rule for neural network model construction, 400 answers
were selected as training samples (answers 1-400) and 94 answers (401-494) as
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test samples.

4.2 Analysis of Answer Quality Evaluation Method Application

4.2.1 Comparative Analysis of Different Algorithms The collected data
were first analyzed using four methods: standard BP neural network, SVM,
maximum entropy, and GA-BP neural network. Matlab 2015a served as the
software platform, with neural network toolbox functions and genetic algorithm
toolbox programming implementing BP neural network and GA-BP neural net-
work evaluation methods, along with SVM and maximum entropy algorithms.
Indicators from text characteristics, respondent characteristics, and timeliness
dimensions were selected as baseline features, tested using User 1’s data sample.
Accuracy (P) and average error (M) measured algorithm accuracy and perfor-
mance. Accuracy refers to the proportion of correctly evaluated samples in
the test set, with classification considered accurate when absolute difference be-
tween actual and expected values is within 0.3. Higher accuracy indicates better
method accuracy. Average error is represented by the mean of absolute errors
across test samples, with smaller values indicating stronger model precision and
rationality. Results are shown in Table 6 , demonstrating that GA-BP neural
network outperformed other classification algorithms with higher accuracy and
lower error, making it applicable for user-generated answer quality evaluation.

4.2.2 Applied Research on GA-BP Neural Network By setting param-
eters and functions, a GA-BP neural network-based social Q&A community
user-generated answer quality evaluation model was constructed to analyze the
impact of adding user characteristics and social-emotional features to baseline
features. The GA-BP neural network adopted a 3-layer structure. Excluding
user question count, the input layer had 15 neurons. Hidden layer node count
was determined through trial-and-error, finding MSE minimized with 10 hidden
nodes. Learning rate = 0.01, maximum training iterations = 100, target error
= 0.01. Answers 1-400 served as training samples, 401-494 as test samples. Ge-
netic algorithm optimization obtained optimal initial weights and thresholds,
with parameters: population size = 40, maximum generations MAXGEN =
80, real-number encoding chromosome length = 121, crossover probability px =
0.2, mutation probability pm = 0.1. The optimized weights and thresholds were
then input into the BP neural network for retraining to evaluate test samples
for Users 1-10. All 10 users’ training samples stopped iterating within 100 steps
when target error 0.01 was reached.

Taking User 1 as an example, using GA-BP neural network with baseline + user
+ emotional features as input, the genetic algorithm found optimal values within
40 generations (Figure 4 [Figure 4: see original paper|). The BP neural network
stopped iterating after 11 steps when target error 0.01 was reached (Figure 5
[Figure 5: see original paper]). Figure 6 [Figure 6: see original paper]| shows
expected versus actual output values for User 1’s test samples.

Using GA-BP neural network evaluation with input features of baseline only,
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baseline + user features, baseline + social-emotional features, and baseline +
user + social-emotional features, accuracy P and average error M for Users 1-10
are shown in Table 7 .

5. Discussion and Analysis

Findings reveal:

(1)

Comparative analysis of various evaluation methods demonstrates that
GA-BP neural network can be applied to social Q&A community user-
generated answer quality evaluation. While its accuracy didn’t reach the
highest reported in existing research, it significantly outperformed SVM
and maximum entropy methods when using our designed features. Fig-
ure 5 shows GA-BP neural network converges much faster than standard
BP neural network, achieving rapid sample training within 11 steps and
reaching target error 100% of the time without falling into local minima
or infinite loops, enabling rapid construction of evaluation models. This
confirms the method’s rationality and scientific validity for social Q&A
community user-generated answer quality evaluation, warranting further
application and promotion.

Table 5 shows that when using baseline + user features or baseline 4 social-
emotional features, although some user data samples showed only slight
accuracy P improvement, average error M decreased substantially, indi-
cating that adding user features brings evaluation values closer to target
values. When using baseline 4+ user + social-emotional features, accu-
racy P improved significantly, with average evaluation accuracy reaching
76.38% and low average error, demonstrating that GA-BP neural network
quality evaluation values are closer to user-annotated real values, showing
strong simulation capability and practicality. The introduction of social-
emotional features and user features improves evaluation accuracy, con-
firming the rationality and effectiveness of our designed evaluation index
system. Moreover, the GA-BP neural network-based user needs-oriented
answer quality evaluation method can learn and train according to differ-
ent user information needs and characteristics, finding intrinsic relation-
ships between inputs and outputs saved as weights in the neural network
for continuous self-adaptation and adjustment. This enables personalized
quality evaluation system design based on different user information needs,
increasing model adaptability and generalizability, forming a flexible, per-
sonalized user-generated answer quality evaluation method.

For social Q&A communities, ensuring platform user-generated content
quality and providing high-quality knowledge services are driving forces
for platform development. Communities should evaluate and screen newly
generated answer quality according to different user needs and character-
istics, visually presenting high-quality answers to users to promote dis-
semination of quality answer content. Based on our findings, social Q&A
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communities should mine and evaluate quality answer content from per-
spectives of answer text characteristics, respondent characteristics, time-
liness, user characteristics, and social-emotional characteristics. Machine
learning methods such as artificial neural network models (e.g., BP neural
network) can be employed to evaluate and screen quality content, recom-
mending and presenting quality content to users to control and optimize
platform answer quality, attract new users, and build community identity
among existing users, thereby promoting sustainable social Q&A commu-
nity development.

This study addresses automated evaluation of user-generated answer quality in
social Q&A communities, introducing social-emotional features and user charac-
teristic dimensions to construct a user-generated answer quality evaluation index
system through factor analysis and structural equation modeling, addressing is-
sues of incompleteness, ambiguity, and lack of personalization. A GA-BP neural
network-based automated evaluation method was designed. Zhihu website data
was selected for applied research on the index system and automated evalua-
tion method. Application results demonstrate the rationality and effectiveness
of the constructed index system and evaluation method. However, limitations
remain. First, the application sample selection has limitations, using only par-
tial Zhihu data to verify method effectiveness, with single-topic content not
extended to various fields and Q&A community types. Sampling limitations
may cause research conclusion bias. Future research will expand application ob-
ject selection and method application scope. Second, evaluation indicators were
only selected and quantified from external feature levels such as text and respon-
dent characteristics, without deep semantic content analysis. Future research
should combine semantic web and machine learning technologies to strengthen
semantic-level evaluation of user-generated answer quality. Additionally, con-
text is an important factor influencing user answer quality evaluation and selec-
tion, warranting further exploration of different dimensional factors’ impact on
answer quality in subsequent research.
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