JOURNAL OF MEDICAL INTERNET RESEARCH Geng et a

Original Paper

Predictors of Professional Responses in Nonprofit Mental Health
Forums: Interpretable Machine Learning Analysis

Shuang Geng', DPhil; Yanghui Li% MEng; Jie Wang?, MEng; Peixuan Chen®, MSci; Xusheng Wu*, MEng; Zhiqun
Zhang®, M Sci

Icall ege of Management, Shenzhen University, Shenzhen, Guangdong, China

2College of Artificia Intelligence, Shenzhen University, Shenzhen, Guangdong, China

3school of Life Sciences, Central South University, Changsha, Hunan, China

“4Shenzhen Health Devel opment Research and Data Management Center, Shenzhen, Guangdong, China
Sshenzhen Traditional Chinese Medicine Hospital, Shenzhen, Guangdong, China

Corresponding Author:

Xusheng Wu, MEng

Shenzhen Health Development Research and Data Management Center
5 Yuanling Road, Futian

Shenzhen, Guangdong, 518000

China

Phone: 86 19928750177

Email: jysgwuxusheng@163.com

Abstract

Background: Online mental health communities increase access and equity for patients seeking psychological support. User
demand and professional contributions are key to their sustainability. While previous research has examined factors influencing
physicians participation in online consultation platforms, limited attention has been given to how post characteristics affect the
guantity and length of professional responses in nonprofit mental health communities.

Objective: This study aims to examine how textua (ie, topic, sentiment, title length, and content length) and contextual (ie,
page views and posting time) characteristics of inquiries in nonprofit mental health forums influence the quantity and length of
responses from mental health professionals, providing insights for enhancing community interactions.

Methods: We collected 18,572 question-and-answer records from a Chinese online mental health platform (August 2024-July
2025). Topic features were extracted using BERTopic, and sentiment features were obtained through a distilled Bidirectional
Encoder Representations from Transformers—based sentiment classification model. Additional features were derived from post
metadata. We compared 5 machine learning models and identified Light Gradient Boosting Machine as the best performer. We
then applied Shapley Additive Explanations (SHAP) analysisto it to evaluate the feature contributionsto the prediction of response
guantity and length.

Results: Invirtual mental health communities, user inquiries fall into 7 topic categories: work, love, depression, boyfriends or
girlfriends, school, marriage, and family. Depression-related topics negatively predict response quantity, whereas interpersonal,
school, marriage, or family topics are positively correlated. SHAP analysis revealed that page views (SHAP value=0.187) and
titlelength (SHAP value=0.073) are key factorsin predicting response quantity, and content length (SHAP value=0.274), sentiment
category (SHAP value=0.054), and title length (SHAP value=0.053) are key factorsin predicting response length. Posts exhibiting
negative emotions are positively related to both the predicted quantity and length of responses, and this effect becomes more
pronounced as the degree of emotional intensity increases. Titles with 15-20 characters and content with more than 60 characters
are positively correlated with responses, whereas titles with fewer than 7 characters have negative effects. Higher view counts
and weekday posts also increase response likelihood.

Conclusions: This study provides insights into how textual and contextual features of patient posts influence professional
responses in nonprofit mental health forums. It enhances understanding of voluntary knowledge contribution behaviorsin online
mental health communities and offers practical guidance for optimizing platform functional design and user posting strategies.
Future researchers are encouraged to address the limitations of this study, which focuses solely on response quantity and length,
and to explore details of professiona responses, such as by devel oping a comprehensive measure of response quality.
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Introduction

Background

Mental health disorders are critical globa health concerns that
pose major challenges to both individual well-being and health
care systems|[ 1-4]. According to the World Heal th Organization,
approximately 1 billion individuals (more than 12.5% of adults
and adolescents) are affected by mental health disorders, which
account for approximately 5% of disability-adjusted life years
[5]. Individualsliving with mental health conditions experience
ahigh burden of illness and face an increased risk of mortality
[6]. Therefore, strengthening mental health services has emerged
as a notable research concern [7].

In recent years, an increasing number of online mental health
communities (OMHCs) have been established, allowing mental
health professionals from offline hospitals to offer serviceson
these platforms. These online mental health platforms connect
mental health service providers with patient users seeking
psychological support and are gaining popularity [8,9]. The
benefits of OMHCs are manyfold. For example, OMHCs
effectively mitigate social prejudice and stigmaassociated with
mental health disorders. Many individualsdelay or avoid seeking
professional help because of concerns about being labeled. The
anonymity setting of these platforms alleviates such concerns
and encourages people with mental health challengesto actively
seek psychological support [10,11]. Moreover, OMHCs help
addressthetime and geographical limitations of offlineclinical
services. This also addresses the uneven distribution of mental
health resources and enhances the accessibility and equity of
mental health services [12]. Given its importance, this study
focuses on OMHCs to better understand the contributing
behavior of health professionals on these platforms.

Prior studies on online mental health can be classified into 3
main categories. studies that focus on patient users (eg,
user-generated content, user engagement patterns) [13-17],
studies that focus on heath professionals (eg, contribution
behaviors) [18,19], and studies that focus on communities (eg,
community quality and value cocreation) [20-22]. Existing
studies on the contribution behavior of heath professionals
suggest that their active participation within the community
determines the effectiveness of counseling services [18]. For
OMHC managers, understanding the factors that influence the
contribution behaviors of health professionas is crucial for
improving both the efficiency and quality of community
responses, promoting sustained user participation, and enhancing
user retention and engagement [23]. From the perspective of
patient users, when they seek medical advice and feelings of
expression in OMHCs, their posts signal their need for
informational or emotional support from professionals.
Responses from professional community members may make
them feel valued and accepted and enhance their sense of
bel onging to the community. Moreover, the information shared
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by professional s benefits not only help-seekers but also lurkers
and other community members [24]. Together, the engagement
of both patients and professionals hel ps cultivate a sustainable
ecosystem for health knowledge exchange [25]. Therefore, it
is imperative to focus on mental heath professionals and
examine the factors influencing their knowledge contributions
in OMHCs.

Previous studies have provided insights into the factors
influencing health professionals knowledge contribution
behaviors [20,26-33]. These factors include content-related
factors, such as question type, information quality, and
readability [26-28]; community-related factors, such as reward
mechanisms[26]; and health professional—related factors, such
as socia relationships, self-efficacy, and reputation needs
[30-33]. For example, Srivastava et a [27] analyzed the intent,
criticism, readability, and emotion of user posts on Reddit, and
found the prominence of “self-criticism” as the most prevalent
form of criticism expressed by help-seekers. They also found
that individuals who explicitly express their need for help are
more likely to receive assistance. These studies explore these
factors primarily through the lens of signal theory, motivational
theory, self-determination theory, and social exchange theory.
For instance, Chen et a [28] reported that emotional and
informational language signals increase the likelihood of
professionals providing informational and emotional support.
Drawing on social exchange theory, Wang et al [29] reported
that material and psychological rewards significantly increase
the online contributions of health professionals. Additionally,
several studies have explored the impact of the intrinsic and
extrinsic motivations of professionals contribution behaviors.
Imlawi and Gregg [32] noted that factors such as helping
motivator, reputation motivator, and moral obligation motivator
influence professionals’ contribution continuance intentions.
Maheshwari et al [33] found that self-efficacy and reciprocity
positively influence the attitude toward knowledge sharing;
however, the rewards’ moderating effect is not significant.

While there is a wide range of factors that influence
professionals’ knowledge contribution, post characteristics serve
asthe most direct medium for patient usersto share stories and
engage with the community, and they are closely associated
with socia interaction outcomes [27]. The informational cues
(eg, topic) and emotional cues (eg, sentiment) in a post are
crucial signals for consultants to understand the patient users
problem and to decide whether to respond. For example, posts
with clear problem descriptions may reduce the cognitive effort
required by consultants, which is especially important when the
professionals are volunteers with limited time. Research in
computer-mediated communication suggests that emotional
cues are important drivers of social support [34]. Beyond
content, posting timeisadcritical factor that determinesapost’s
visibility. For example, a post published late at night may be
quickly buried under aflood of newer posts, making it receive
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fewer replies. Investigating theinfluences of these post features
can provide actionable insights beyond those gained from
focusing on user or professional factors. Demographic or
professional attributes of usersand professional s are often static
and difficult to change within a platform’s context. In contrast,
content features are dynamic. Community managers can develop
posting guidelines and platform functionalities to help patients
craft more effective queries. Therefore, this study aims to
address this research gap by investigating diverse post features
and providing practical implications that empower users to
effectively seek and obtain professional responses. This study
conducts a microlevel analysis of post features, which
complements the user-level and community-level research in
the OMHC landscape. Our work offers granular and actionable
explanations for knowledge contribution in OMHCs.

Previous online health community research has usually adopted
structural equation modeling, multiple linear regression, and
fixed effect modeling to analyze the rel ationships between focal
factors[29,35,36]. Therise of artificial intelligence and machine
learning has provided powerful toolsfor modeling, partitioning,
and interpreting the complex relationships between factors. A
few recent mental health studies have used machine learning
algorithms, such as logistic regression, decision trees, and
ensemble models [37-39]. Light Gradient Boosting Machine
(LightGBM), an ensembl e learning a gorithm based on gradient
boosting decision trees, is widely used for classification,
regression, and ranking tasks because of its efficiency and
outstanding performance, particularly in structured and tabular
data problems [38]. However, LightGBM, like other ensemble
models (eg, Extreme Gradient Boosting [ XGBoost]), is often
regarded as a “black-box” model and lacks sufficient
transparency and interpretability. Explainable machine learning
techniques such as Shapley Additive Explanations (SHAP) [39]
can visudize the importance of factors in driving model
decisions, enabling stakeholdersto understand the logic behind
the model’s outputs and make informed decisions. Therefore,
this study combines these 2 techniquesto detect important post
features that affect the quantity and length of professional
responsesin OMHCs, aiming to improve community interaction
quality and enhance the effectiveness of mental health services.
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Objective

Theresearch question for this study isasfollows:. “In nonprofit
OMHCs, how do patient posts textual features (eg, topic,
sentiment, title length, and content length) and contextual
features (eg, page view and posting time) influence the response
guantity and length of health professionals?’ To answer this
guestion, this paper constructsan interpretable machinelearning
model for analysis. Thisstudy aimsto deepen the understanding
of knowledge contribution in OMHCs and to inform
management strategies for building more supportive and
efficient mental health communities.

Methods

Overview

The research design for this study is shown in Figure 1. This
framework consists of 4 main phases: data collection, thematic
and sentiment analysis, predictive model construction, and
predictive model interpretation. In the data collection process,
we collected a total of 18,572 post-level records using a web
crawler. Subsequently, we performed preliminary datacleaning
to remove posts with empty titles or empty content. We then
analyzed the post topics using BERTopic and removed noisy
clusters. A total of 11,154 dataentrieswere obtained after noise
(topic cluster index=—1) removal. Sentiment analysis was
conducted using distilled Bidirectional Encoder Representations
from Transformers (DistilBERT) to determine both the category
and intensity of sentiment for each post. During the modeling
phase, we trained and compared 5 models (ie, LightGBM,
Support Vector Machine [SVM], XGBoost, random forest [RF],
ridge regression) to select the best one to develop the final
model. These models were trained using textual and contextual
features of the posts as predictive variables. The models were
designed to predict 2 key outcome variables: response quantity
and response length. Finally, we used the SHAP method to
interpret the model. It provided global interpretations via
summary plots to determine overall feature importance and
local interpretations using dependence plots to elucidate how
individual features influence the model’s predictions.
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Figurel. Study flowchart. Panels 1-2 depict the data collection and processing workflow, and panels 3-4 illustrate the devel opment of the interpretable
machinelearning model. LightGBM: Light Gradient Boosting Machine; MAE: mean absolute error; M SE: mean squared error; Q& A: question-and-answer;
RF: random forest; SHAP: Shapley Additive Explanations, SVM: Support Vector Machine; X GBoost: Extreme Gradient Boosting.
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Data Collection

We collected data from the YiDianLing platform [40].
YiDianLing isaleading nonprofit mental health service provider
in China, which hosts approximately 50 million registered users
and 60,000 professional psychologica consultants. The large
and diverse user base ensuresthe representativeness of the data.
Moreover, the platform’s nationwide coverage provides broad
geographic representation. YiDianLing provides a dedicated
public question-and-answer forum to facilitate interaction
between patient users and certified psychological consultants.
In this forum, users can anonymously post their mental health
concerns, and psychological consultants can provide free
responses. Therefore, the forum generates rich data, including
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global explanation (summary plots)

SHAP

local explanation (dependence plots)

user posts, consultant responses, post view counts, and response
volume.

Data from the YiDianLing, which comprised 18,572 entries
from August 2024 to July 2025, were collected using a crawler
program. An example of the data source page is depicted in
Figure 2. Each data sampleincludesinformation about the user’'s
post, such as the post title, post content, date of post, number
of page views, number of responses, and number of responses
provided by psychological consultants. The temporal evolution
of the number of posts and the number of responses on the
platform is presented in Multimedia Appendix 1. The volume
of posts and responses exhibits a high degree of stahility, with
the number of replies consistently exceeding the number of
posts.
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Figure 2. Example of extracted features from the post.
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Content Analysis

Topic Analysis

BERTopic isatopic modeling technique based on Bidirectional
Encoder Representations from Transformers (BERT), whichis
a pretrained language model based on the transformer
architecture that reads text in both directions (left-to-right and
right-to-left) to understand thefull context [41]. Thisarchitecture
is based on multilayer neura networks called encoders, and it
uses a sdlf-attention mechanism to capture word relationships
and context. BERTopic can effectively add interoperability
challenges between density-focused clustering and
centroid-oriented methods. This study usesthe BERTopic model
for thematic analysis, as it has demonstrated advantages in
various topic modeling benchmark tests [42].

BERTopic facilitates consistent topic identification by
leveraging a category-specific version of the term
frequency-inverse document frequency (TF-IDF). In this
technique, al text in a cluster is considered one entity, and
TF-IDF is applied to determine the relevance scores for words
within that cluster. By extracting important words in each
cluster, descriptions of topics are obtained. This method is
known as class-based TF-IDF:

A
Wee = llfecll X log(1 + 7) M

where f, . represents the frequency of word x in cluster c, f,

denotes the frequency of word x across all clusters, and A
signifiesthe average number of words contained in each cluster.
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Sentiment Analysis

In this study, we used the DistilBERT method to classify post
sentiment into 5 categories. very negative, negative, neutral,
positive, and very positive [43]. This model is a lightweight
pretrained language model built on BERT through knowledge
distillation techniques [44]. DistilBERT retains BERT's
performance in capturing the sentence context and reduces the
number of parameters to achieve higher computational
efficiency. The used DistilBERT model has been fine-tuned on
a multilingual corpus, including Chinese, and has been
successfully applied to a wide range of tasks, such as product
review classification, social media sentiment analysis, and
customer feedback analysis [45,46].

In the sentiment analysis, we first ssgmented each user post
into a set of sentences and applied DistillBERT analysis
separately. The predicted sentiment labels were then mapped
to numerical scores, with “very negative” as—1, “negative” as
0.5, “neutral” as0, “positive” as 0.5, and “very positive”’ as 1.
The sentiment scores of the set of sentences were then summed
to obtain an overall sentiment score for the post. On the basis
of thisoverall sentiment score, we classified each post into one
of three sentiment polarities: posts with sentiment scores less
than O were classified as negative, posts with a score equal to
0 were classified as neutral, and posts with a score greater than
0 were classified as positive. The sentiment intensity of each
post was measured as the logarithm of the absolute value of the
overall sentiment score plus 1.
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M odel Construction

LightGBM is an efficient ensemble method built on gradient
boosting decision trees, which construct multiple classifiersand
integrate their outputs to obtain the final prediction [47]. It is
widely applied to classification, regression, and ranking tasks
and can model structured and tabular data [38,48]. Unlike RFs
and XGBoost, LightGBM adopts a histogram-based splitting
technique that splits data and scans the statistics to determine
the best split point, which enables less memory consumption
and more efficient training [48].

We compared 5 popular machine learning models: LightGBM,
SVM, XGBoost, RF, and ridge regression. We used a 70/30
train-test split, and the data are randomly divided 5 times to
reduce the randomness introduced by data splits. The average
performance of the 5 trained models is used for fina model
evaluation using mean absolute error, mean squared error, and
R-squared. Based on these evaluations (M ultimedia A ppendix
2), LightGBM showed the best performance and was selected
for subsequent regression prediction and interpretation.

During model training, hyperparametersweretuned onthe basis
of the official LightGBM documentation [49]. Specifically, the
maximum number of leaves per weak learner was set to 40 to
mitigate overfitting; the learning rate was set to 0.05 to
accelerate convergence and improve prediction accuracy; and
feature fraction was set to 0.8, enabling the model to randomly
select asubset of features when constructing each tree, thereby
reducing training time. The detailed hyperparameter settings
are provided in Multimedia Appendix 3.

Model Interpretation

The black-box nature of traditional machine learning models,
such as ensemble methods and neural networks, limits their
clinical applicationinthe mental health domain, as stakeholders
require transparent and trustworthy decision-making processes
[50]. SHAP is a model interpretation method based on
cooperative game theory [51]; it provides a unified measure of
feature importance by attributing the model’s prediction to the
marginal contributions of each feature, known as SHAP values.
It works as follows.

Consider thei™ sample as x;, where x; represents the ™ feature

of the i sample, and y; denotes the model’s forecast for this
sample. The basdinemodel prediction (often the predicted mean
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of al samples) isdenoted Y, The SHAP valueisthen derived
based on the following formula:

Vi = Ybase + f(Xi) + f(xi)+ - (x50 2

where f(x;) denotes the SHAP vaue for x;, indicating the

influence of the " feature of the i" sample on the ultimate
predictiony;. A positive value suggeststhat the feature enhances
the prediction, whereas a negative f(x;) indicates adiminishing
effect on the predicted outcome.

We conducted SHAP analysis and visualized the contribution
of each feature to the model’s prediction using importance
ranking summary plots. The dependence plots show the
relationship between the changes in a feature's value and its
impact on the prediction. The quantified contributions of
features, either positive or negative, enhance the transparency
of the prediction model.

Ethical Considerations

This study did not involve human participants. The data were
publicly accessible information on the YiDianLing platform.
All user postsin the question-and-answer forum were published
anonymously by patient users, and no identifiable or
reidentifiable personal information was collected or processed
throughout the research. Therefore, thereisnorisk to individual
privacy or foreseeable harm to users. We conducted our data
collection in accordance with the platform’s data authorization
agreement and ensured that all procedures fully complied with
therelevant ethical standards. During the handling of the dataset,
we also took steps to maintain data security. This research
project received formal approval from the Institutional Review
Board of Shenzhen University (approval number
PN-202500199).

Results

Topic Analysisand Sentiment Analysis

Theresults of thetopic modeling visualization revealed 8 themes
of user posts, as shown in Figure 3. The gray areasin Figure 3
areclusterswith acategory index of —1 and are considered noise
and were excluded from the analysis. Representative keywords
for each topic are provided in Multimedia Appendix 4.
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Figure 3. Topic clustering results.
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On the basis of the results of thematic clustering, we visualize  exceedsthat of the other categories, followed by family, schooal,
the frequency of different themes over the observation period and work. The overall topic frequency demonstrated stability
in Figure 4. The results indicate that depression consistently  throughout the period.

remained the predominant theme. Its proportion significantly

Figure 4. Topic frequency evolution.
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The proportions of sentiment categories at different times are  remainsrelatively stable over time, indicating that patient users
depicted in Figure 5, which shows that the proportion of posts primarily express negative emotions in the mental health
with negative sentiment is greater than those with positiveand  community.

neutral sentiment. The distribution of sentiment categories
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Figure5. Emotional map for different dates.
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Descriptive Statistics

A total of 11,154 dataentrieswere obtained after topic clustering
and noise removal and were used for analysis. The predictor
variables included post theme, sentiment category, sentiment
intensity, title length, content length, posting year, posting
month, posting date, public holiday status, time of day, day of
theweek, and page view count. The outcome variables comprise
the quantity and length of replies, and prediction models are
constructed separately for each. We acknowledge that a full
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picture of community interaction also depends on the quality
of responses, amultifaceted construct that encompasses aspects
like relevance, empathy, and supportiveness. Capturing this
richness quantitatively poses a distinct methodological
challenge. We therefore view our work as a critical first step
that sets the stage for, and thereby invites, subsequent research
to delveinto the nuanced quality of professional contributions.
A description of thefeaturesis provided in Table 1. Descriptive
statistics of these selected variables are presented in Table 2,
excluding the temporal characteristics of the posts.
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Table 1. Description of features.

Feature Feature description Variable type

Topic The topic of the content; O=work; 1=love; 2=depression; 3=boyfriendsor girl-  Categorical variable
friends; 4=school; 5=marriage; 6=family

Sentiment category  O=negative; 1=neutral; 2=positive Categorical variable

Sentiment intensity  The logarithm of the absol ute value of the sentiment score plus 1 Continuous variable

Page view The logarithm of the number of page views posted on a given date Continuous variable

Year Year of the post Categorical variable

Month Month of the post Categorical variable

Day Day of the post Categorical variable

Title length The natural logarithm (base €) of the number of Chinese charactersinthepost titte Continuous variable
(note: raw character counts are used for result interpretation)

Content length The natural logarithm (base €) of the number of Chinese charactersinthepost ~ Continuous variable
content (note: raw character counts are used for result interpretation)

Hour 0=00:00~00:59, 1=01:00~01:59, 2=02:00~02:59, 3=03:00~03:59, 4=04:00~04:59, Categorical variable

5=05:00~05:59, 6=06:00~06:59, 7=07:00~07:59, 8=08:00~08:59, 9=09:00~09:59,
10=10:00~10:59, 11=11:00~11:59, 12=12:00~12:59, 13=13:00~13:59,
14=14:00~14:59, 15=15:00~15:59, 16=16:00~16:59, 17=17:00~17:59,
18=18:00~18:59, 19=19:00~19:59, 20=20:00~20:59, 21=21:00~21:59,
22=22:00~22:59, 23=23:00~23:59

Week 0=Monday; 1=Tuesday; 2=Wednesday; 3=Thursday, 4=Friday; 5=Saturday; Categorical variable
6=Sunday

Holiday 0=no; 1=yes Categorical variable

Reply quantity The logarithm of the number of replies to the post Continuous variable

Reply length The logarithm of the average reply length of the post Continuous variable

Table 2. Descriptive statistics.

Features Vaue (n=11,154)

Page view, mean (SD) 5.09 (0.67)
Sentiment category, n (%)

Positive 2117 (19)

Neutral 1904 (17.1)

Negative 7133 (63.9)
Sentiment intensity, mean (SD) 0.69 (0.48)

Topic, n (%)

Work 917 (8.2)
Love 355(3.2)
Depression 6139 (55)
Boyfriends or girlfriends 519 (4.7)
School 1269 (11.4)
Marriage 501 (4.5)
Family 1454 (13)
Title length, mean (SD) 2.92 (0.40)
Content length, mean (SD) 4.29 (1.30)
Reply quantity, mean (SD) 0.22 (0.66)
Reply length, mean (SD) 5.25(0.83)
https://www.j mir.org/2026/1/e74359 JMed Internet Res 2026 | vol. 28 | 674359 | p. 9
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Comparisons of Model Performance

We evaluated 5 machine learning models. LightGBM, SVM,
XGBoost, RF, and ridge regression for predicting response
guantity and response length. Tables 3 and 4 present the
performance of these models. Results show that LightGBM
achieved the lowest mean absolute error (mean 0.2859, SD
0.0072) and mean squared error (mean 0.3100, SD 0.0142),

Geng et a

along with the highest R? (mean 0.2754, SD 0.0323), tatistically
outperforming SVM, XGBoost, RF, and ridge regression.
Similarly, for response length prediction (Table 4), LightGBM
demonstrated superior overall performance. These metrics
provide a comprehensive assessment of each model’s
capabilities. Additionally, calibration curvesfor the LightGBM
model in both prediction tasks are provided in Multimedia
Appendix 2, both of which indicate a good model fit.

Table 3. Response quantity prediction performance of the compared models.

Model MAE® mean (SD) MSE®, mean (SD) R, mean (SD)
LightGBMC 0.2859 (0.0072) 0.3100 (0.0142) 0.2754 (0.0323)
svmd 0.3101 (0.0161) 0.3931 (0.0391) 0.0855 (0.0187)
X GBooS® 0.3155 (0.0061) 0.3223 (0.0190) 0.2476 (0.0182)
R 0.2962 (0.0065) 0.3116 (0.0146) 0.2717 (0.0302)
Ridge regression 0.3693 (0.0049) 0.3516 (0.0195) 0.1789 (0.0221)
Table 4. Response length prediction performance of the compared models.

Model MAE® mean (SD) MSE®, mean (SD) R, mean (SD)
LightGBM® 0.6988 (0.0079) 0.8367 (0.0155) 0.2766 (0.0221)
syMmd 0.6941 (0.0054) 0.8905 (0.0149) 0.2302 (0.0145)
XGBOoSt® 0.7219 (0.0072) 0.86883 (0.0168) 0.2490 (0.0129)
REf 0.7058 (0.0069) 0.8637 (0.0146) 0.2532 (0.0218)
Ridge regression 0.7171 (0.0070) 0.8804 (0.0161) 0.2390 (0.0154)

8\ AE: mean absolute error.

BMSE: mean sguared error.

LightGBM: Light Gradient Boosting Machine.
dsvm: Support Vector Machine.

€X GBoost: Extreme Gradient Boosting.

'RF: random forest.

Modé Interpretability

Glabal Interpretability

We applied the SHAP method to the LightGBM model. The
global interpretation graphs of LightGBM for predicting the
number of replies and the length of replies are shown in Figure
6. The average SHAP value for each feature is detailed in
Multimedia Appendix 5. When a SHAP value of 0 is used as
the dividing line, the points on the left indicate the features
contributing negatively to the prediction, whereas the points on

https://www.jmir.org/2026/1/€74359

the right indicate positive contributions. The relationship
between each feature and the prediction of the number of replies
isshown in Figure 6A. Thisindicates that positively correlated
features include page views, content length, and sentiment
intensity. Higher values of these features correspond to agreater
number of responses received by the posts. The relationship
between each feature and the prediction of response length is
shown in Figure 6B. These findings indicate that the length of
the question content has a positive effect on response length.
Most other features are categorical variables, whose effects are
not clearly discernible from the figure.
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Figure6. Summary plotsof Light Gradient Boosting Machine. (A) Prediction for response quantity. (B) Prediction for response length. SHAP: Shapley

Additive Explanations.
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Local Interpretability in Response Quantity Prediction

We constructed feature-SHAP value scatter plots for each
feature to analyze its impact on the response quantity (Figure
7). Each dot in the scatter plot represents a single post in our
dataset. They illustrate the relationship between feature values
(x-axis) and their corresponding SHAP values (y-axis). The
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Low

SHAP value is a direct measure of how much that specific
feature value pushed the model’s prediction toward receiving
more (positive SHAP value) or fewer (negative SHAP value)
replies. These plots answer a critical question: how a specific
post characteristic influences a consultant’s likelihood to reply,
and whether thisinfluenceis consistently positive, negative, or
more complex?
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Figure 7. Shapley Additive Explanations (SHAP) dependence plots of Light Gradient Boosting Machine for predicting response quantity. Panels A-L
respectively show the SHAP value distributionsfor the following features: topic, sentiment category, sentiment intensity, page views, titlelength, content

length, year, month, day, hour, week, and holiday.
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The impact of topic features on response quantity isillustrated
in Figure 7A. Topic 2 (depression) has a SHAP value less than
0, whereas topics 3-6 (3: boyfriends or girlfriends; 4: school;
5: marriage; and 6: family) have SHAP values greater than O.
These findings suggest that the topic of depression has a
negative effect on response quantity, whereas those related to
boyfriends or girlfriends, school, marriage, and family have

https://www.jmir.org/2026/1/e74359
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positive effects. Theimpact of other topics on response quantity
is not clearly defined.

The rel ationships between post sentiment and response quantity
areshownin Figures 7B and 7C. The SHAP valuesfor negative
sentiment are greater than O, indicating a positive contribution
to response quantity. In contrast, the SHAP values for positive
sentiment are less than O, indicating a negative contribution.
Moreover, when the sentiment intensity exceeds the threshold
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of 1.7 (equivalent to a sentiment intensity of 5.5), the post
sentiment contributes positively to the response quantity. These
findings suggest that mental health professionalsare morelikely
to respond to posts that express negative emotions and provide
support to high-risk patient users.

The effects of other features on the prediction of response
guantity are presented in Figures 7D-7L. The results indicate
that when page views exceed the threshold of 5.5 (approximately
244 views), the title length is between 2.75 and 2.95
(approximately 15 to 20 characters), and the content length
exceeds the threshold of 4.85 (approximately 127 characters),
the postsare more likely to receive professional responses. With
respect to the posting time, when the post is published between
December and February, in the middle of the month (days 18
to 21), during the period between Monday and Thursday, and
on nonpublic holidays, itismorelikely to receive aprofessional
response. Moreover, when the page view is less than 5.5
(approximately 244 views), the title length exceeds 2.95
(approximately 20 characters), or when the post is published
from August to October, on weekends, or on public holidays,

https://www.jmir.org/2026/1/€74359
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the SHAP values areless than 0, indicating an inhibitory effect
on the prediction of response quantity. Additionally, the posting
time (hour of day) does not have a significant effect.

Local Interpretability in Response Length Prediction

We report SHAP dependence plots for each feature to explain
the response length predicted by the LightGBM model (Figure
8). According to Figure 8A, the topic of love has a negative
effect on the prediction of response length. The results from
Figures 8B and 8C show that negative sentiment has a positive
effect on predicting response length, whereas positive emotions
have an inhibitory effect. When the sentiment intensity is less
than 1.5 (equivalent to the original sentiment intensity of 4.5),
it negatively affectsthe prediction of thereply length. Asshown
in Figure 8E, when the length of the post’stitleislessthan the
threshold of 2.0 (approximately 7 characters), the predicted
response length decreases. As shown in Figure 8F, the critical
value for content length is 4.1 (approximately 60 characters),
and posts with lengths exceeding 60 characters are more likely
to receive longer responses.
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Figure 8. Shapley Additive Explanations (SHAP) dependence plots of Light Gradient Boosting Machine for predicting response length. Panels A-L
respectively show the SHAP value distributions for features: topic, sentiment category, sentiment intensity, page views, title length, content length,

year, month, day, hour, week, and holiday.
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. to the primary dataset. Multimedia Appendix 6 reports the
Robustness Analysis

In the robustness analysis, we collected and analyzed forum
data from another online mental health platform, YiXinli [52],
covering the period from December 2024 to July 2025, with
the am of examining the generalizability of the model
interpretations through cross-platform comparison. All the
analytical procedures were kept consistent with those applied

https://www.jmir.org/2026/1/e74359
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descriptive statistics, topic and sentiment evolution results,
model evaluation results, and SHAP-based interpretation
outcomes. The findings indicate that the topic distributions,
sentiment distributions, and their temporal trends are consistent
with those observed on the YiDianLing platform. Moreover,
the SHAP interpretations of the LightGBM models for
predicting the quantity and length of responsesindicate that the
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effects of key features are relatively consistent with those
observed in the primary dataset. These results provide robust
support for our findings.

Discussion

Principal Findings

This study uses interpretable machine learning techniques to
analyze question-and-answer posts from a nonprofit OMHC.
The findings highlight the pivotal role of variousfeatures of the
posts in shaping professionals contribution behaviors. First,
patient users’ demandsfor psychological services primarily fall
into 7 topic categories. work, love, depression, boyfriends or
girlfriends, school, marriage, and family. The majority of user
posts are related to depression, which aligns with previous
research [14,53]. Usersaso frequently express concernsrelated
to daily life, work stress, and social relationships [54]. Posts
with greater response volumes are often associated with themes
such as boyfriends or girlfriends, school, marriage, and family,
whereas depression-related posts receive fewer replies. One
possible explanation is that depression-related posts are more
likely to be posted by diagnosed patients. The forum's
professional sare composed mainly of psychologica consultants
who are not therapists capable of providing clinical treatment.
Therefore, they tend to be more cautious when addressing
depression-related i ssues, thus avoiding therisk of inadvertently
harming these patient users. Thisalignswith prior findingsthat,
in the absence of sufficient knowledge about the individual,
consultants may avoid overreacting to questionsinvolvingillness
and emotions [55].

Second, our study revealed that patient posts with stronger
negative emotions are more likely to receive social support in
nonprofit mental health communities. From the perspective of
social support theory, emotional disclosure by patient usersin
online communities is crucia for fostering social interaction
and obtaining support. Expressions of negative emotions may
signal users' distress, which may elicit empathy and supportive
reactionsfrom psychological counselors[56]. On the other hand,
emotional intensity can be viewed as an indicator of patients
level of self-disclosure [57,58]. Intense self-disclosure may
enhance users’ motivation to engage [59]. Our analysis shows,
for example, that when sentiment intensity is relatively high
(eg, above 5.5), posts are more likely to attract longer replies.
In contrast, when sentiment intensity isrelatively low (eg, less
than 4.5), posts tend to receive shorter responses. Drawing on
thesefindings, community managers could provide patient users
with emotion-related keywords or tags, which can be
automatically selected when writing posts. These
emotion-related keywords or tags may enhance users ability
to articulate their emotional states.

Third, our findings indicate that the title length and content
length of patient users’ posts positively influence the quantity
and length of professionals’' responses. Longer titlesand content
may contain greater amounts of information, facilitating better
understanding by other community members. Therefore, the
amount of information provided in posts positively influences
the quality of replies[24]. Our analysisrevealed that titleswith
lengths between 15 and 20 characters and contentswith lengths
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of at least 60 characters attracted more and longer responses.
In contrast, titles shorter than approximately 7 characters tend
to negatively impact the response length. On the basis of these
findings, platform designers may provide real-time feedback
on the informativeness of titles and content to post writers.
Additionally, the platform can offer high-quality example posts
for users to enhance the expressiveness of their posts, thus
increasing their likelihood of receiving a response.

In our study, post features, including view count, posting time,
day of the week, and public holiday status, influence
professional responses heterogeneously. Posts with more than
244 views are associated with greater response volumes. This
suggests that posts with greater exposure may attract increased
professional participation. Posts generated from Monday to
Thursday and on nonpublic holidays receive more responses.
Because most of the certified counselors on the platform are
not full-time clinical physicians working in offline institutions,
they tend to be more active and willing to respond online during
weekdays. Our results also show that page views and posting
time do not affect response length. One possible explanation is
that response length may depend on the professionalism,
empathy, and motivation of health professionals rather than on
the view number or posting time.

Resear ch Implications

Theoretical Implications

Thisstudy deepens our understanding of knowledge contribution
behaviorsin nonprofit OMHCs. By examining how textual and
contextual features of user posts influence the quantity and
length of responses from mental health professionals, the
findings reveal the important factors that shape hedth
professionals knowledge contributions. In addition, this
research introducesinterpretable machine learning methodsinto
online mental health. This approach addresses the limitations
of traditional regression models and black-box agorithms in
explaining the influencing mechanisms. It aso provides
technical support for a deeper understanding of the factors
affecting professional response quantity and length.

Practical Implications

The findings provide practica guidance for community
managers. First, managers can categorize post topicsto facilitate
precise responses from professionals and help other users
explore topics of interest. Second, providing predefined
emotion-related keywords or tags on the post editing page helps
enhance patients’ ability to express their emotions and may
increasethelikelihood of receiving aresponse. Third, providing
feedback on information richness and high-quality post
templates may help users improve their expression. Fourth,
considering the effects of view counts and posting times,
platform operators can optimize content visibility strategies.
For example, postswith lower view counts and those published
during off-peak hours (eg, late night) can be prioritized. This
may balance the exposure across posts of varying popularity
and publication times and ensure that these posts receive
professional responses. This may also enhance the overall
fairness and quality of community interactions. Fifth, platform
operators must exercise caution when implementing certain
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strategies (eg, real-time feedback on content informativeness),
as encouraging longer posts or greater emotional intensity may
inadvertently increase the potential psychological burden on
patients. To this end, when designing web interfaces, platforms
should position these tool s as supplementary and optional. It is
crucial to ensure users retain control over these functionalities
to balance interaction efficiency with psychological safety.

This study, based on Chinese OMHCs, may offer insights for
mental health service platforms in other countries. However,
we explicitly caution against the direct generalization of our
findingsto other cultural contexts. The counsel or-led, nonprofit
forums of the YiDianLing and YiXinLi platforms embed
specific  sociotechnical  norms, such as text-based
communication, work culture, and community governancerules.
These factors may shape how patient users present their
problems and how consultants perceive their role. Therefore,
our conclusions should beinterpreted as context-specific insights
that highlight the need for future research to “unpack” these
contextual differences through comparative studies.

In developing our model, we carefully addressed potential
sources of bias, such as by using crosstemporal and
cross-platform sampling methods to balance both positive and
negative scenariosin predictions. When thisresearch is extended
to other countries, adjustments need to be made according to
local cultural norms and service systems.

Limitations and Future Directions

Although our study offers significant contributions, it also has
several limitations. First, the datawere obtained primarily from
the Chinese mental hedth platform YiDianLing, with
supplementary data from YiXinLi used for robustness checks.
Given the potential cultural, platform, and user differences
across countries, generalizing our findings would require
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validation using multinational data from diverse platforms.
Second, this study uses publicly available posts and response
data from OMHCs. Future research could incorporate
multimodal data (eg, images and emogjis) to gain a deeper
understanding of the interactions between patient users and
mental health professionalsin nonprofit mental health forums.
Third, owing to privacy policies, user-level demographics (eg,
sex, age, and membership duration) were unavailable.
Subsequent studies or online experiments should examine how
such characteristics influence forum participation. Fourth, this
study solely explores response quantity and length. However,
acomplete understanding of community interaction also depends
on the quality of responses, a multifaceted construct that
encompasses aspects like relevance, empathy, and
supportiveness. Future work should prioritize developing
validated metrics for response quality to better evaluate
professional contribution patterns. Furthermore, thisstudy relies
on a LightGBM model interpreted with the SHAP method to
analyze post feature importance. Given the limited sample size
and post-level features, the predictive accuracy may be limited.
Future research should thusincorporate richer predictive features
and additional interpretable machine learning techniques (eg,
Local Interpretable Model-agnostic Explanations) to validate
and extend these insights.

Conclusion

This study uses explainable machine learning methods to
investigate the post features that influence response quantity
and length in OMHC:s. It highlights the importance of the post
topic, post title, post length, post sentiment, and posting time.
Thesefindings provideinsightsfor platform managersin terms
of optimizing functional design and improving the effectiveness
of community interactions.
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