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Abstract

Background: With the development of online health care, an increasing number of patients are consulting and exchanging
social support through online health communities. People with different diseases have varying needs for information and emotional
support. However, comparisons of similarities and differences in behavioral patterns among patients with different disease types
and their social support needs require further exploration.

Objective: Using alarge-scale dataset of user-generated posts, we aimed to systematically examine how disease type (acute vs
chronic) influencesthe behaviora patterns, emotional expressions, and support-seeking needs of usersin online health communities,
providing actionable insights for tailored community interventions.

Methods: We identified patients with acute diseases and those with chronic diseases and then crawled corresponding user
profiles and post data from the chronic disease online health community (CDOHC) and acute disease online health community
(ADOHC). Using a pretrained model, we classified and described the social support performance of users. Subsequently, we
conducted a comparative analysis of user behaviors, emotions, and needs by mining behavior patterns and textual content from
posts. We performed further social network analysis using user profiles.

Results:  We identified 492,495 posts from 53,245 users in the CDOHC and 52,047 posts from 23,659 users in the ADOHC.
Seeking and providing emotiona support were higher in the CDOHC (83,231/492,495, 16.9% and 101,453/492,495, 20.6%,
respectively), while seeking and providing information support were higher in the ADOHC (33,993/492,495, 22.8% and
61,128/492,495, 41.0%, respectively). These findings indicate that users with chronic diseases have a higher need for emotional
support, while most users with acute diseases want to seek information support. Theword co-occurrence network revealed distinct
thematic patterns between the 2 communities. In the CDOHC, disease management clusters (8/17, 47%) and emotional clusters
(7117, 41%) showed balanced proportions, reflecting the dual needs of patients with chronic diseases. In contrast, inthe ADOHC,
posts were overwhelmingly focused on treatment (25/28, 89%), with minimal emotional vocabulary clusters (2/28, 7%). Socia
network analysis further highlighted these differences. The CDOHC showed the highest edge density in the seeking emotional
support subnetwork and reciprocal interactionsin 68.0% (83,025/122,095) of providing emotional support connections, indicating
robust emotional support exchanges. Meanwhile, the ADOHC exhibited significantly faster post velocity in treatment discussions,
consistent with its acute care context. These structural differencesaligned with user behavior patterns. Userswith chronic diseases
maintained strong community bonds (averaging 8.2 connections/user), while users with acute diseases prioritized time-sensitive
information (12,823/13,938, 92.0% of queries were related to treatment).

Conclusions: This study contributes to a comprehensive understanding of how disease type influences the social behaviors and
emotional expressions of users. The findings provide practical implications for doctors, patients’ families, and health care
participants regarding targeted support strategies for patients with acute and chronic diseases.
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Introduction

Background

Online health community (OHC) refersto an online community
of individuals who use the internet to share or exchange
knowledge on issues related to health or disease treatment [1].
The OHC eases the pressure of offline medical treatment and
provides a platform for patients and their families to exchange
information and share resources, enabling them to seek or
provide social support. Social support refers to the resource
exchange behavior of individuals to help the recipient [2].
According to the characteristics of the exchanged resources,
psychologists have identified different types of social support
[3], including information support, emotional support,
accompanying support, and substantive support [4]. Prior studies
have found that the type of social support is associated with
disease progression and is an indispensable force in disease
treatment [5]. Patients now routinely engage with various social
supports in OHCs, as these platforms offer diverse services for
individuals with different diseases, fostering a sense of
belonging among users.

Research has shown that user needs for socia supportin OHCs
vary depending on community type and user characteristics.
Thisvariation can be attributed to the fact that different disease
groups face different medical conditions and psychological
states, which in turn influence their behavioral manifestations
and support needs in OHCs [6]. For example, considering the
complexity of the disease and the long-term course of treatment,
people with chronic diseases, such as diabetes, often have a
stronger need for information support in OHCs[7]. Most women
in communities involving breast and other gynecological
diseases are anxious and worried about their diseases, and they
value emotional support in community communication [8].
Patientswith lung, colorectal, and pancreatic cancers have used
OHCs mainly to meet their information needs, while patients
with breast, ovarian, prostate, and skin cancers are most in need
of emotional support [9].

Therefore, it isvita to investigate behavior differences across
disease groups and tailor targeted support for diverse patient
needs. However, while existing research in the literature has
focused on analyzing the need for social support among patients
within particular disease contexts, a comparative analysis to
examine how these needs differ between disease types requires
further exploration. Only by understanding the specific
perceptions and needs of more patients will we be able to
optimize the design of OHCseffectively. Beyond platform-level
improvements, this knowledge would al so enable policy makers
and societal stakeholders to better grasp the macro-level
characteristics of different disease populations, thereby
providing them with more substantive social support.

To implement this comparative methodol ogy, we concentrated
on a basic distinction in disease classification: acute disease
versus chronic disease. We have provided an additional literature
review for pertinent concepts in the subsequent section.

https://www.jmir.org/2025/1/e68074

Acute Diseases and Chronic Diseases

According to the Merriam-Webster Medical Dictionary, an
acute diseaseis characterized by rapid onset and relatively short
duration, exemplified by conditions such as bronchitis,
gastroenteritis, or influenza[10]. In contrast, achronic disease,
including asthma, coronary heart disease, and diabetes, persists
or recurs over an extended period, representing a medical
condition of prolonged duration [11]. The World Health
Organization (WHO) aso specifies chronic diseases as
conditionsthat (1) persist for at least 1 year, (2) require ongoing
medical management, or (3) limit activities of daily living. In
this study, we have taken acute diseases and chronic diseases
as classification cases to explore the differentiated impact of
disease type on patients’ social behaviorsin OHCs based on 3
key considerations. First, the divergent heath care needs
between these disease types shape distinct interaction patterns.
Acute diseases (eg, infections and injuries) demand urgent,
short-term support, leading to transient but intense OHC
engagements [12], while chronic conditions (eg, diabetes and
hypertension) foster long-term participation that cultivates stable
peer-support networks for divergent health care needs [13].
Second, drawing upon the illness trajectory theory [14], we
observe how fundamental differences in disease progression
directly influence psychological states and help-seeking
behaviors [15]. Acute conditions typicaly generate
crisis-oriented interactions, whereas chronic illnesses promote
ongoing relationship building in digital spaces [16]. Third,
empirical research documents contrast digital engagement
patterns. Acute patients demonstrate episodic platform use
correlated with symptom exacerbations [6,17], while chronic
patients maintai n sustai ned participation and often occupy more
central positions within support networks [18,19]. There can
be differences in the characteristics of the disease itself, and
acute and chronic diseases differ in their treatment objectives
and strategies. Thetreatment of acute diseasesis usually aimed
at achieving acomplete cure, while chronic diseases are difficult
to cure. This classification approach provides critical insights
for designing tailored OHC interventionsthat address the unique
behavioral patterns emerging from these clinically distinct
disease categories.

Social Support

The conceptual evolution of the social support theory has
undergone significant refinement since Durkheim’s work [20]
in the late 19th century, building on foundational theories like
the needs-fulfillment framework [21]. Contemporary research
has adapted these concepts to digital contexts. Our study
advancesthistheoretical progression by reconceptualizing OHCs
as dynamic support networks, where social support emerges
through the process of information and emotion exchange among
users using postings and comments. Specifically, this study
focuses on 3 types of socia support: information support,
emotional support, and companionship support. Information
support entails offering information, advice, or guidance to
community users, whereas emotional support pertains to the
substance of pertinent emotional disclosure[22], including trust,
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caring, sympathy, etc. Such assistance can help patients reduce
the stress or anxiety produced by health issues[23]. The concept
of companionship support is comparatively broader,
characterized by nonmedical interactionsthat foster community
belonging.

Users may have different reasons and goals for using OHCs,
and obtaining socia support has become one of their key needs.
The specific type of social support needed may be related to
factors such as user characteristics, disease type, and
psychological state. Existing research has explored the role of
social support in both acute and chronic diseases. For example,
the absence of a social support network significantly increases
mortality risk following acute myocardial infarction [24]. Young
and middle-aged individual swith weak social networks exhibit
higher incidence rates of nonspecific chest complaints [25].
Moreover, rheumatoid arthritis patients with lower perceived
socia support demonstrate poorer emotional adjustment [26].
OHCs further amplify these effects. They serve as critical
platformsfor patient education and health communication [27].
Wang et a [28] analyzed and predicted user participation in
OHCs from the socia support perspective. They used text
mining methodsto decide what kind of social support each post
contained. For chronic conditions, information support enhances
self-care, while emotional support improves psychological
health [29]. Network-based support is particularly beneficial
for patients in managing asthma, diabetes, cancer, and
rheumatoid arthritis [30]. Notably, longitudinal studies have
confirmed that socia isolation independently correlates with
cardiovascular disease and type 2 diabetes progression [31].
People with neuroinflammatory diseases who received more
socia support during the COVID-19 pandemic were reported
to have less mental isolation and better disease remission [32].
Women with chronic lipedema disease experience more stress
when meeting with other people, and thus, they are more in
need of emotional support [33].

Computational Analysis Regarding OHCs

Recent research hasleveraged computational methodsto analyze
socia support in OHCs, employing techniques such as text
mining, machine learning, and network analysis. For example,
Wang et a [28] used machine learning to mine socia support
types from user posts, while Wu et al [34] applied latent
Dirichlet allocation (LDA) topic modeling, albeit with manual
feature extraction. Expanding these methods, Zhang et al [35]
introduced a hybrid bidirectional long short-term
memory—convolutional neural network model to detect
information processing behaviors and paired it with LDA topic
modeling to uncover distinct user needs. Linguistic analyses
have further enriched thisfield. Jiang et a [36] quantified how
linguistic features in Chinese OHCs correlate with support
provision, and Gu et a [37] developed a natural language
processing (NLP)-based cognitive change lexicon to assess
psychological outcomes after support. Additionally, clustering
techniques have reveal ed behavioral segmentation. Lu et al [38]
identified 5 health-related topics and 3 stakeholder groups
through expectation maximization, illustrating how usersengage
with health information. Network analysis has also emerged as
a key methodology. For instance, Liu et a [9] adopted a
network-based approach, overcoming prior limitations by
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analyzing word-level connectionsto reveal differencesin social
support needs across cancer types, whereas Lu et a [39] and
Yang et a [40] adopted exponential random graph models to
investigate structural patterns in informational and emotional
support networks. Lin et al [41] combined social network
analysis with word co-occurrence networks to study
information-sharing behaviors among different user identities
in an online tumor community. These studies demonstrate the
value of text mining and network analysis in decoding the
complexities of OHCs, offering scalable tools to examine
support mechanisms, user roles, and community dynamics.

However, existing research usualy fails to comparatively
analyze how social support behaviors and needs differ between
acute and chronic disease popul ations, particularly in the context
of user profile research. While prior work hasidentified general
patterns of support-seeking, critical disease-specific distinctions,
such asthetransient versus sustai ned support demands of acute
versus chronic conditions, remain underexplored. Thisoversight
limits the development of tailored interventions that account
for the dynamic, context-dependent nature of social support in
diverse disease trajectories.

Study Aims

Our objective is to comparatively analyze differences in the
characteristics of users with different disease types (acute and
chronic) and their social support needs based on alarge number
of postingsin OHCs. After categorizing the diseases into acute
and chronic types, we employed multiple approachesto examine
the combinations of emotions, behaviors, and user social support
needs. This multi-method analysis helps enrich user profiles
and deepen the understanding of the types of socia support
embedded in OHCs. To achieve this, we used user profile
descriptions to characterize different user groups, including
their behaviors and emotions, and applied deep learning models
and socia network analysis to examine the socia support
expressed in user postings. This alowed us to compare and
analyze the behaviors, emations, and needs of the 2 major user
groups in OHCs, namely, users with acute diseases and those
with chronic diseases.

While the analytical methods used are derived from existing
literature, this study makes significant contributionsto thefield
of OHCs by developing an integrated approach that combines
user profiling, socia support segmentation, and network analysis
to better understand patient interactions and support dynamics.
Methodologically, the research establishes a novel framework
for comprehensive user profiling across 3 key dimensions,
including information, behavior, and emotion, to enable more
precise support delivery. By employing a hybrid approach that
combines stratified sampling, manual annotation, and machine
learning techniques, we successfully automated the classification
of different social support types while maintaining high
accuracy. Thisapproach revealed differencesin support-seeking
behaviors across different disease communities. Furthermore,
the construction of multi-layered social networks provided
valuable insights into community engagement patterns and
hel ped visualize how users exchange different types of support.
From a practical perspective, these findings offer concrete
benefits for community management by helping moderators
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identify the needs of different users and optimize support
allocation. Theresearch a so informs patient-centric design and
demonstrates how OHCs can effectively supplement traditional
health care by fostering peer-support networks.

Methods

Data Sources

In this study, we used crawler technology to capture the public
data of chronic and acute diseases in China's representative
OHCs, such as Haodf, Baidu Medical Forum, and “Sweet
Homeland” community. We chose these online health care
platforms for 3 key reasons. First, these OHCs are among the
largest OHCs in China, featuring comprehensive functional
modul es, high consultation volumes, tens of thousands of active
users, strong user retention, and broad coverage of diverse
diseases. Second, the platforms cater to similar user groups,
primarily patients with chronic or acute diseases (varying
severity) and their family members. These users engage in
mutual interactions for disease counseling and experience
sharing. Third, by including multiple similar but nonidentical
OHCs, we ensured sufficient data volume for the studied
diseases while leveraging interplatform differences to enrich
data indicators and construct a more complete user profile.

As illustrated previously, we have taken acute diseases and
chronic diseases as classification cases to explore the
differentiated impact of disease type on patients’ social
behaviors in OHCs. According to the World Health Statistics
Report issued by the WHO, cardiovascular diseases, cancer,
diabetes, and chronic kidney disease are classified as chronic
diseases. Meanwhile, influenza A infection, COVID-19, acute
appendicitis, and cerebral hemorrhage are considered acute
infectious diseases. Based on this classification, we selected
cardiovascular diseases, cancer, diabetes, and chronic kidney
diseaseto represent chronic diseasesin this study, and they were
part of the chronic disease online health community (CDOHC).
Moreover, we selected influenza A infection, COVID-19, acute
appendicitis, and cerebral hemorrhage to represent acute
diseases, and they were part of the acute disease online health
community (ADOHC).

In this study, we set the time window for data collection from
January 2015 to April 2023, and crawled the user homepage
information and user post datafor corresponding diseasesfrom
the CDOHC and ADOHC. The homepage information included
comprehensive demographic statistics, such as gender, birth
date, geographical location, registration duration, and
self-reported health status. The user post data encompassed all
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user-generated content, including discussion threads, comments,
and timestamps of interactions. For example, the data crawled
from the* Sweet Homeland” community forum were categorized
according to the disease classification “type I, type Il, and
diabetes complications.” Inthetype Il diabetes module, 80,120
original postsand 234,648 corresponding replieswere crawled,
totaling 314,768 posting records. In the type| diabetes module,
13,750 origina posts and 48,059 corresponding replies were
crawled, totaling 61,809 posting records. In the diabetes
complications module, 2448 original posts and 11,740
corresponding replies were crawled, totaling 14,188 posting
records. From the CDOHC, final discussion topics of 53,245
chronic disease users were crawled, and atotal of 492,495 data
records were collected. From the ADOHC, 52,047 raw posting
datarecordsfrom 23,659 acute disease users were crawled, and
these were combined with their corresponding reply posts,
totaling 149,095 records. The dataset covers tens of thousands
of topics.

Study 1: User Profile

The goa of this study is to analyze the performance of patient
users and their socia support, and thus, capturing user
information isthefirst critical step. Building user profilesisan
effective way to understand user needs, gain real-time insights
into user preferences, achieve servicetransformation, and solve
the problem of asymmetry between users' precise needs and
extensive services in OHCs [42]. At present, thereis alack of
research on the application of user profiletechnology to OHCs.
Based on the research objectives, static and dynamic tags were
established for different users, and user characteristics were
presented through tags [28]. Zhang et a [35] constructed a
conceptual model of diabetes circle user profiles from the 3
dimensions of user needs, roles, and behaviors, and expressed
different characteristics of usersthrough group clustering [43].
User profiles can be realized with the following 3 steps. data
mining, feature extraction, and portrait presentation. Among
them, the construction of auser profilefeature indicator system
isimportant to realize user profiles. Accordingly, theindex data
of each user were obtained, and each dimensi on was categorized
and counted. Finally, the user profile featuresin the community
were presented by the clustering method.

Observing the user information included in the 2 communities,
the user profile feature system constructed in this study included
the following 3 dimensions. user information (gender, age,
disease, etc), user behavior (total amount of user-generated
content [UGC], interaction, frequency of participation, etc), and
user emotions (negative and positive). The specific indicator
system s provided in Figure 1.
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Figure 1. User profile feature system. OHC: online health community; UGC: user-generated content.
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Indicators for the user information dimension can be obtained
directly from the community without processing. The total
number of UGCs in the user behavior dimension is the total
number of posts, replies, and comments posted by usersin the
community, which can reflect the interaction of users in the
community. The UGC time frequency indicates the date span
of the user’s interaction and posting in the community, which
can reflect the strength of the user’ s stickiness to the community.
The k-means analysis method has the advantages of high
efficiency and scalability when clustering large datasets, which
are in line with the characteristics of the large sample data in
this study. The sentiment dimension is analyzed by text
processing of the user's UGC posting and sentiment analysis
by algorithms. In Python, we used the Baidu Sentiment Analysis
interface to recognize the sentiment tendency of al user posts
crawled. User profiling relies heavily on label clustering, and
there are many approachesto clustering, including density-based
clustering, model-based approaches, and hierarchical and
segmentation methods. In this study, we chose the k-means
algorithm to cluster all the samplesto obtain the number of user
profiles.

Study 2: Segmentation of Social Support Types

We categorized user-posted content (posts and comments) in
terms of socia support to identify the social support needs of
patientswith different diseasesin different communities. There
arevariousresearch approachesin existing studiesto categorize
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the content posted by users of OHCs. In a prior study, posts
were manually coded for 7 different social support categories,
including achievements, congratulations, network support,
seeking emotional support, seeking information support,
providing emotional support, and providing information support
[42]. The most salient social support categories at different
stages of diabeteswere also compared through amixed research
approach. Unlike traditional research that relies entirely on
manual coding, another study introduced atext mining approach
to automatically identify large-scale data for social support on
the basis of a small amount of manually labeled data [44]. A
classifier was trained based on machine learning techniquesto
determine which category or categories of social support each
post contains [44]. In this study, we used the ERNIE2.0 model
in machine learning to categorize the text of users' postings,
which was consistent with the definition of social support in
previous studies. The categories included seeking information
support, providing information support, seeking emotional
support, providing emotional support, and companionship
support. Since the content of accompanying support posted by
users often involves participating in community activities or
posting some daily topics, such as punching cards, recording
one's daily diet, or talking about the weather and traveling in
the community, we did not classify the category of
accompanying support as “seeking” and “providing.” Table 1
provides examples of socia support for user-posted comments
in the 2 communities (CDOHC and ADOHC).
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Table 1. Example posts of social support.

Type

CDOHC?

ADOHCP

Seeking information support

Providing information support

Seeking emotional support

Providing emotional support

Companionship support

“Do | need to inject insulinin my case?’

“All pregnancies are treated with insulin, and the side
effects of the medication can have an effect on the
child”

“Can someone please comfort me? It feelslikeit'sim-
possible to hold on!”

“Don’t be so pessimistic, eat right, exercise properly
and stick with it and you'll be fine!”

“Day 8 of the diabetesdiagnosis. Hang in there, family.”

“My child hasthe flu and has afever of 38 degreesin
the middle of the night, what medicine should | take?’

“Quadrivaent influenza vaccine is one of the preven-
tive vaccines recommended by the World Health Or-
ganization, mainly used to prevent the four influenza
viruses, quite effective.”

“Thekidsat home have been coughing and it hurtsme
so much to hear that.”

“Don’t be discouraged. We'll beat this virus.”

“The number of covid-19 isincreasing alot day by

day, so wear a good mask!”

8CDOHC: chronic disease online health community.
PADOHC: acute disease online health community.

Thismodul e adoptstheintelligent 1abeled datafunction provided
by Baidu Al. The pretraining ERNIE2.0 model can predict
unlabeled data after completing the learning of a small amount
of manually labeled data, so asto obtain large-scale intelligent
labeled data. The structure of ERNIE2.0 is the same as that of
BERT. ERNIE2.0 is mainly for the modification of pretraining
tasks to improve the effect. The continuous pretraining
framework of ERNIE2.0 aimsto extract lexical, syntactic, and
semantic information from the training corpus, which
incrementally builds pretraining tasks, and then, pretraining
models learn on these built tasks through continuous multitask
learning. After data preprocessing and screening, we extracted
3500 text records from the total text volume (about 550,000
text records) using random sampling for manual annotation.
These texts were then annotated by 5 trained annotators, who
categorized each post according to the predefined social support
taxonomy. We performed a reliability check between multiple
ratersto ensure consistency in the manual labeling process. The
interrater agreement was assessed by Fleiss kappa, and a score
of 0.875 was achieved, suggesting good performance regarding
interrater reliability. Additionally, the final labelswere validated
by 10-fold cross-validation. The annotation results indicated
satisfactory rdiability. Then, ERNIE2.0 was used to intelligently
annotate the remaining unannotated text records. We split the
labeled dataset into a 70% training set and a 30% test set to
develop and evaluate our classification model. The proposed
model finally achieved an annotation accuracy of 86.3% after
comparing the performance of different algorithms for
classification.

Study 3: Social Support Network Analysis

Word Co-occurrence Network Construction

A co-word network is a network built from the perspective of
the co-occurrence relationship between keywords to study the
association and influence between different keywords[45]. The
co-occurrence network was constructed through the following
steps. First, we segmented the textual data of the posts crawled
from the 2 communities. After performing word frequency
analysis of the segmented terms, we merged the synonyms and
removed low-frequency words. Subsequently, the top N
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keywords were selected to generate the word co-occurrence
matrix. The keyword co-occurrence network was generated
according to the keyword co-occurrence patterns. In this
network, any 2 words were considered semantically related if
they co-occurred in the same context. Nodes represented
keywords, and edges represented co-occurrence rel ationships.
The node size represented the word's relevance magnitude,
which corresponds to the number of co-occurring associations.
Larger nodesindicated higher relevance and greater importance
of the represented words. If aword was connected to many other
words, it was located at the core of the network graph. Second,
2 words with co-occurring relationships in a network graph
were connected by a line, which refers to how many raw data
reportsthese 2 words appear in at the sametime. Thisisusually
indicated by the thickness of the connecting lines, but in this
study, connecting lines of the same thickness were used for the
overdll effect.

Network Analysis of Social Support

In OHCs, users naturally form interconnected social networks
where nodes represent individual users and edges capture the
various types of socia support exchanged through their
interactions. The network construction began by analyzing user
communications, including posts, comments, and replies, to
identify and classify different support relationships. The types
of social support were identified based on how and what users
communicate with each other, thus connecting multiple users
into a multi-relational social network, where each connection
type reveals distinct patterns of community engagement. For
example, when one user responds to another’s questions, this
creates an information support link. Moreover, when users share
personal experiences or daily routines, companionship bonds
emerge. Furthermore, when users exchange comforting
messages, emotions support connection formation.

To build this network systematically, we extracted interaction
data from user posts, comments, replies, and mentions in the
community forum. Based on user identification and text
cleaning, we combined manual annotation and deep
learning—based NLP to categorize social support types. Nodes
represented users, and edges represented directed support
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relationships, where a connection from user A to B indicated
that A provided support to B through posts or comments. The
network adopted a multilayer structure, with distinct layersfor
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different support types (informational, emotional, etc). The
social network relationships between users are shown in Figure
2.

Figure 2. Display of socia network relationships between users. SES: seeking emotional support; SIS: seeking information support.

A: 35-year-old graduate
student rural  child,
suffering from diabetes,
when looking forward to
the future is caught by
fate...(SES)

In Figure 2, user A posts a post expressing despair after
experiencing diabetes, and the user seeks emotional comfort.
User C responds to user A's post and offers to work together
to overcome the disease, providing companionship support for
user A. Users A and C connect through compani onship support
and emotional support. User B postsahelp post expressing that,
aswinter temperatures drop and blood sugar levels spike, there
is a feeling of helplessness, and the user seeks support
information. User A replies to user B about ways to relieve
blood sugar elevation, and users A and B get connected through
information support. User C pays attention to user B’s
helplessness and provides comforting and encouraging
emotional support. Users B and C are connected through this
connection.

Different kinds of social support behaviors constituted separate
subnetworks that formed an aggregated network by overlaying
them. The number of nodes represented the number of users
involved in a certain type of social support in the network.
Connections represented certain social support behaviors
between 2 users in a community. Density reflected the overall
activity of the network. By statistically analyzing the social
support network of users in OHCs, the user overview of user
social support in online communities can be better presented,
and the performance of user socia support in communitieswith
different disease types can be compared.

Ethical Considerations

The study exclusively analyzed publicly available data from
open online communities where users voluntarily share content
with an expectation of public visibility. In strict adherence to
established internet research ethics guidelines [46], we
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implemented comprehensive privacy protection measures,
including complete anonymization of all data through removal
of usernames, profile information, and any potentialy
identifiable metadata. Particular care was taken to avoid
verbatim quotations that might enable search engine
identification, and all analyses were conducted at an aggregate
post level rather than an individual user level. The public nature
of the source data and these protective measures were reviewed
and determined to meet the exemption criteria by the Zhejiang
University of Water Resources and Electric Power institutional
ethics review board. Throughout the research process, we
maintained vigilance regarding potential privacy implications
to ensure no harm could come to any individuals whose public
posts were included in our analysis.

Results

User Profile Results

The k-means method was used to implement user profiles for
the 2 communities (CDOHC and ADOHC). To determine the
optimal number of clusters (k) for k-means clustering, we
applied the elbow method by computing the within-cluster sum
of squares (WCSS) for k values ranging from 1 to 10. The
WCSS curve typicaly exhibits a characteristic elbow point
where the rate of decrease slows substantially, indicating the
optimal k value that balances model complexity and clustering
performance. This inflection point represents the point of
diminishing returns for additional clusters. Inthe CDOHC, the
clustering effect was optimal when k was taken as 3, whilein
the ADOHC, the clustering effect was optimal when k wastaken
as5. Theoutput clustering result wasthe user profile. Theresults
areshown in Tables 2 and 3.
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Table 2. User profile results of the chronic disease online health community.

Variable Category 1 Category 2 Category 3
Disease type Typel and || diabetes, and cancer  Type |l diabetes, cancer, and Cardiovascular disease, type Il dia-
chronic kidney disease betes, and chronic kidney disease
OHCidentity Newcomer Newcomer Resident user
Interaction Low Middle High
Total UGCP Low High High
UGC time frequency Low High High
Emotional tendency Negative Negative Positive
30OHC: online health community.
bucc: user-generated content.
Table 3. User profile results of the acute disease online health community.
Variable Category 1 Category 2 Category 3 Category 4 Category 5
User gender Woman Woman Man Woman Man
User age Elderly patient Young patient Minor patient Elderly patient Elderly patient
Symptom Suspected flu Acute abdominalgia Acuteabdominalgialflu  Suspected Cerebra hemorrhage
flu/COVID-19
Total UGCR Low Low High High Low
UGC time frequency Low Low High High Low
Demand dimension Therapeutic consulta-  Therapeutic consulta-  Therapeutic consulta-  Pathological knowl-  Therapeutic consulta-
tion tion tion edge tion

3JGC: user-generated content.

In the CDOHC, users were divided into 3 main categories.
Category 1 was dominated by newcomers with type | and 1l
diabetes, and cancer. Their overall participation in the
community was low, and their postings were generally
negatively inclined. Category 2 covered users with type Il
diabetes, cancer, and chronic kidney disease, who were aso
new users but had higher UGC output and community stickiness,
and posted UGC text with a predominantly negative affective
tendency. Thiswas mainly related to newcomer status. Patients
tended to have low psychological acceptance and a pessimistic
view of the disease at the time of diagnosis of the disease. The
chronic disease users in category 3 were resident users in the
community, indicating that they had registered in the online
community for a long time and logged into the community
frequently. Moreover, the interaction rate, UGC output, and
stickiness of this group of userswere high, and the posts posted
had positive emotions such as encouragement and persistence.
From the results of user profiling in the CDOHC, the number
of onlineregistered groups of type Il diabetes patientswas high.
The frequency of logging into the community and posting, and
the stickiness of the community were moderate for most of the
patients. A vast minority of users, as shown by the results in
category 3, were active in the online community and were good
at communicating positive emotions and support.

In the ADOHC, users were divided into 5 categories. Both
category 1 and category 4 were dominated by older femae
patients. The difference was that category 4 had a portion of
patientswith COVID-19, and their UGC output was significantly

https://www.jmir.org/2025/1/e68074

higher than that of category 1. This was due to the fact that a
novel virus has a higher degree of unknowns, and there was a
greater need for people to obtain information about the risks of
the disease and treatment options through the internet.
Categories 2 and 3 had younger user groups, and category 2
was dominated by users with acute appendicitis. The overall
low activity and participation of this segment of users in the
OHC may be related to the fact that the onset of the disease is
sudden and usually requires offline surgery. Category 3 mostly
included underage patients, and although the gender of the users
was mostly male, their family members were likely to be the
ones who asked for treatment in the community. This group
was highly active and sticky, whichisin linewith the popularity
of online consultation. Category 5 included older male patients
experiencing cerebral hemorrhage and other medical conditions.
This group was generally older, and most patients were over
50 years old. Their needsin the OHC mainly involved medical
treatment and consultation.

Comparing the results for the user profiles of the CDOHC and
ADOHC, wefound that there were more userswith higher UGC
output and stickinessin the CDOHC, which was dominated by
chronic diseases, than in the ADOHC, which was dominated
by acute diseases. This is related to the pathological
characteristics of the 2 types of diseases. Chronic diseases have
long disease cycles, with users going from diagnosis to near
cure over severa years. Users also communicate and ask for
medical advice more freguently in online communities. While
patients with acute illnesses usually choose offline emergency
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treatment at thefirst event of the acuteillness, for diseaseswith
mild and common symptoms or for situationsthat require health
care after consultation, patients will choose to seek help from
online communities. Therefore, the user base of the acute disease
community is updated quickly, and the overall stickiness and
continuous participation are relatively low.

Social Support Results of Users

The results in Table 4 show that there are differences in users
needs for social support and in their behaviors in both the
CDOHC and ADOHC. In the CDOHC, the proportions of user
posts seeking information support (84,709/492,495, 17.2%) and
emotional support (83,231/492,495, 16.9%) were similar. On

Wei

the other hand, the proportion of user posts providing
information support (122,631/492,495, 24.9%) was dlightly
higher than the proportion providing emotiona support
(101,453/492,495, 20.6%). This suggests that the overall
difference between users needsfor informational and emotional
support in the chronic disease community was not very large.
There were many users who, in addition to counseling about
their illnesses, also engaged in emotional exchanges between
themselves and other usersin the online community. For patients
with chronic diseases, emotional support is a very important
social support, which can help them relieve disease anxiety and
achieve psychological comfort.

Table 4. Comparison of social support behaviors between different diseases.

Social support type

Results for CDOHC? (N=492,495), n (%)

Reslts for ADOHCP (N=149,095), n (%)

Seeking information support 84,709 (17.2)
Providing information support 122,631 (24.9)
Seeking emotional support 83,231 (16.9)
Providing emotional support 101,453 (20.6)
Companionship support 61,561 (12.5)

33,993 (22.9)
61,128 (41.0)
9392 (6.3)
13,866 (9.3)
5218 (3.5)

8CDOHC: chronic disease online health community.
BADOHC: acute disease online health community.

Inthe ADOHC, the differences between different social supports
were more significant. Users' needs and the provision of
information support were more prominent. Among them, the
proportion of user posts seeking information support reached
22.8% (33,993/149,095), and the proportion of user posts
providing information support was 41.0% (61,128/149,095).
Regarding emotional support, the proportions of user posts
seeking (9392/149,095, 6.3%) and providing (13,866/149,095,
9.3%) emotional support were both lessthan 10%. This suggests
that in the acute community, users’ communication topics cover
much more at the information level than at the emotional level,
whichindicatesthat the behaviors of patientswith acuteillnesses
in online communities are more related to the expectation of
disease-related information, and asmall proportion of usersare
involved in communicating and supporting their emotions.

The longitudinal social support comparison between the
CDOHC and ADOHC revealed that the overall needs and
behaviors of usersin the CDOHC were closer to each other in
terms of information support and emotional support, while users
in the ADOHC desired much more information support than
emotional support. We then conducted a cross-sectional
comparison of the 2 communities and found that even though
the proportion of emotional support in the CDOHC was not as
large asthat of information support, this value was much larger
than the proportion of emotional support in the ADOHC.
Moreover, the difference between the 2 communities for
companionship support was significant. The need for
companionship support inthe CDOHC (61,561/492,495, 12.5%)
wassignificantly higher than that in the ADOHC (5218/149,095,
3.5%).

https://www.jmir.org/2025/1/e68074

Combining the results of the previous 2 studies, the
characteristic portraits of users in the 2 disease communities
were fuller and the differences were more distinct. The user
profilesmainly clustered the usersinthe CDOHC and ADOHC
by different characteristics and extracted the behavioral trends
and differences between the 2 types of disease patients. The
performance of these users on socia support was segmented,
and the segmentation results reflected the differences in their
needs for different social supports.

In the CDOHC, the behaviora characteristics of users were
more similar overall, and there were fewer classified clusters.
Users were more engaged and sticky in the OHC and
demonstrated a higher need for emotional support and
companionship support in their social support performance.
Thisappearsto berelated to the psychol ogical effectsin patients
with chronic diseases. User demand for OHCs was related to
not only diagnosis and treatment counseling but also emotional
communication and companionship with peers. This can lead
to a higher reliance on OHCs and an expectation to receive
appropriate support and feedback from them. In the ADOHC,
users were divided into 5 different categories, with significant
differences between categoriesand similar user behaviorswithin
each category. Users within this community exhibited more
pronounced differences in behavioral characteristics. Overall,
patients with acute diseases and their families had ahigh demand
for information support related to disease treatment, but they
had a relatively low demand for emotional support and
companionship support related to psychological comfort and
caring encouragement. Userstended to end their behaviors after
exchanging information in a short period of time, lacking
emotional dependence, and the stickiness and continuity of user
behaviors were weak.
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Combining the results of user profiling and social support
classification, we have 2 important findings. First, users
behavioral signsin OHCs corresponded to their needs. Patients
with chronic diseases who had higher emotional support needs
were more dependent on OHCs. Second, users' needsfor social
support were related to their disease types. For acute diseases
with a fast onset and short cycle, users' needs for timely and
effective information support were much higher than their needs
for emotional and daily companionship. To further understand
the key topics of the post textsin the 2 types of OHCsand users
engagement behaviors in each social support category, we
conducted network analysis.

Results of Network Analysis

Word Co-occurrence Network of the CDOHC and
ADOHC

We conducted a word co-occurrence network analysis of the
posts used to categorize social support in OHCsin study 2. As
the total number of postsin the CDOHC and ADOHC reached
over 10,000, thedirectly generated post co-occurrence networks
contained too many words for effective visualization. We used
randomly selected postsfrom the 2 types of communities, which
wererequired to cover at least the postings of usersin each type
of clustered group. These postings were then subjected to word

https://www.jmir.org/2025/1/e68074

Wei

co-occurrence networks separately, which clustered words
together without breaking their semantic links.

Regarding the CDOHC, the center of the network in Figure 3
includeswordsrelated to chronic diseases, such as cancer, blood
sugar, etc, which are represented by red. Topics related to
diseases are mainly focused on the treatment and feelings of
patients. The yellow areain Figure 3 indicates the selection of
“cancer” as the keyword. It can be inferred that the topics in
this module are related to information support and emotional
support. The purple areain Figure 3 indicates the selection of
“insomnia’ asthe keyword, and the rel ated topicsinclude words
such as anxiety and helplessness. It can be inferred that the
theme of this module is mainly related to the emotional
communication of users. In addition, sometopic wordsin Figure
3 are related to diseases, and they correspond to information
support.

Regarding the ADOHC, in the network in Figure 4, the nodes
of diseases, such as influenza and appendicitis, are larger. We
found that most of the regional keywords in the network map
can be categorized as treatment, symptoms, and drugs, such as
thewordsin the green areain Figure 4. Thisshowsthat in acute
posts, users mainly exchange information about treatment and
medicine. Moreover, asmall number of topicsfocused onwords
such as pain and fear.
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Figure 3. Word co-occurrence network in the chronic disease online health community.
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Figure 4. Word co-occurrence network in the acute disease online health community.

mask
diagnosed ] _ protect
' influenza - . i
vaccine
transmission curative # children virus
hoarse “-._particles .
prevent N
granules oy coronavirus infected
s . | no:""fl, isolate — Masks
relapse’ surgical D 2 g
abdomen Y NA \ Ve VN \
vaccination  nerbal < cough -"Symgtoms L infect
shanghal hyrt t — Sy invasive on 7 suppurative :
acute phidhdia e el i _ _
x effect : B sneeze '
@coronavirus MA I =
: ) ' . drink 7 L
excuse | \ | W flu headache_effectlve
L AT R / svaw/ B ) pneumonia
- |granule : /] & P <K \ wearing
T/ ——crown 7 CA hydrocephalus '
A doctor S . =—® _ Y ot P .
o g e SO isolation
! £ B N __ conservative " symptom -°
infusion - . a_fpff;lmt?;-‘_ (] WNRRBAPRT LK d p g .. distance
o fever — dissolve - surgery _  medicine A N ower infection
hospitat /17— operation, ./ patients "
¥ . \ N X P \
i ‘ ‘I - ] \ . -
catch stroke | throat .= -meters situation
/ hemiblegi PN B Y 7 runny 1 ;
- y I' 7-‘;- { 4 - .
ache emiplegla . ._capsule ventriculoperitoneal
) P B B P
. I reason 1\ - y
) fast ~ treat <\ | " \ laparoscopic 'ca;es
ultrasound stomach g / i \_"
— ¢ | feeling treatment—__ Viral . cerebral
T - ' | A / . o .
press  apdominal 4. L A ‘| x ~ risk =/ basal covid
inflammation - appendix < __— -
' A itchy
hemorrhage — / 3
— ___ exercise

Comparing the word co-occurrence network graphs, words in
amodule are likely to describe closely related themes. The 2
main modules in the network of the CDOHC can be seen as
describing information support and emotional support. Most of
the words in the network of the ADOHC appear to be related
to disease trestments and medicine names and can be considered
information support. A small number of OHC posts were
selected for word co-occurrence network visualization to
quantify the semantic structure of the posts, and the results of
the analysisfurther validate the findings of the segmentation of
social support.

Social Network of the CDOHC and ADOHC

We analyzed multiple socia networks in OHCs for acute and
chronic diseases. Tables 5 and 6 provide descriptive statistics
for the aggregated network and 5 subnetworks. Inthe CDOHC,
the seeking information support and providing emotional support
subnetworks had the highest number of nodes and a close
number of edges. The number of nodes in the providing

https://www.jmir.org/2025/1/e68074
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information support and seeking emotional support subnetworks
was close, but the number of edges and density of the seeking
emotional support subnetwork was greater than that of the
providing information support subnetwork. This suggests that
inthe CDOHC, there are more active users of both informational
and emotional support, with users in the emotional support
subnetwork being more closely connected to other users. The
number of nodes and edges, and the density of seeking
information support and providing information support were
thelargest among all subnetworksof the ADOHC. Thisindicates
that users are most active on information support topics and
post the most content. Comparing these 2 communities, user
participation status variesin different subnetworks. The overall
activity of user participation in the CDOHC was better, and
users in this community were more connected to each other.
The high activity and connection of usersin the ADOHC were
mainly reflected in information support, and all other
subnetworks were more sparse.
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Table 5. Descriptive statistics of the chronic disease online health community.

Property Aggregated network Subnetwork
SI? pIsP SES® PESC comé
Node, n 31,258 29,935 19,629 20,591 28,599 19,672
Connection, n 145,928 128,765 82,153 126,542 122,095 93,671
Density 0.05 0.04 0.03 0.05 0.05 0.04
85| S: seeking information support.
bpis; providing information support.
CSES: seeking emotional support.
dpES: providing emotional support.
€COM:: companionship support.
Table 6. Descriptive statistics of the acute disease online health community.
Property Aggregated network Subnetwork
sIs? pIsP SES® PES? comé
Node, n 16,927 13,663 13,258 10,801 10,263 9538
Connection, n 56,283 42,362 38,965 18,334 15,956 13,505
Density 0.03 0.03 0.02 0.004 0.003 0.001

85| S: seeking information support.
bps; providing information support.
CSES: seeking emotional support.
dpES: providing emotional support.
€COM:: companionship support.

Summary of the Findings

We present the main elements of the 3 studies in Figure 5,
cascading from user profiling to social support and social
network research. Combining these studies alows the
conclusions to be mutually supportive of each other and also
leadsto new findings. Study 1 identified the overall distribution
of user characteristics in the CDOHC and ADOHC, showing
relevant attributes, such as disease, tota UGC, etc, and
clustering into different user groups based on these

https://www.jmir.org/2025/1/e68074
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characteristics. Study 2 segmented user performance on social
support in the CDOHC and ADOHC, and the statistical results
reflected the differences in user needs for different socia
supports. Combining study 1 resulted in new findings. Study 3
focused on the exchange of post content between users and the
characteristics of the various subnetworks they form. Studies
1-3 gradually uncovered the behaviors and needs of users and
the connections between usersin the community, and combining
the microuser and macrocommunity perspectives made the
conclusions richer and stronger.
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Figure5. Summary of studies 1, 2, and 3. ADOHC: acute disease online health community; CDOHC: chronic disease online health community; COM:
companionship support; PES: providing emotional support; PIS: providing information support; SES: seeking emotional support; SIS: seeking information

support; UGC: user-generated content.
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Discussion 4

With the rapid development of social media and digital health
care, accelerated by the impact of the COVID-19 pandemic on
traditional medical services, OHCs have become important
channelsfor peopleto seek medical treatment and social support.
These communities serve distinct purposes depending on the
nature of the disease and shape how users engage, seek help,
and express emotions. This study explored user behavior
differences through comparative analysis of CDOHCs and
ADOHCs, revealing how disease trgjectories influence user
behavior, support needs, and community dynamics.

CDOHCsencourage sustained engagement asusers demonstrate
increased activity levels and a dual requirement for both
emotional and information support. Thisis consistent with the
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interplay among biological, psychological, and socia factors
in chronic conditions. Using k-means clustering, we identified
three key user profiles in the CDOHC: (1) newly diagnosed
patients (mainly with diabetes or cancer) who exhibit low
interaction levels and predominantly negative emotions, (2)
transitioning patients who engage moderately but still express
significant emotional struggle, and (3) long-term memberswho
are highly active, deeply involved in the community, and
generally positive in emotions. This pattern is consistent with
the posttraumatic growth theory, which posits that individuals
develop resilience after prolonged health challenges. Network
analysisfurther reveal ed that medical termsin CDOHC clusters
strongly linked disease terminol ogy with emotional expressions,
highlighting how chronic illness narratives intertwine clinical
and psychosocial concerns.

JMed Internet Res 2025 | vol. 27 | 68074 | p. 14
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

In contrast, ADOHCs primarily function astransactional centers
for urgent medical guidance, with interactions predominantly
focused on informational assistance rather than emotional
engagement and where users perceive acute conditions as
time-sensitive but resolvable, reducing the need for prolonged
emotional disclosure. There were two distinct subgroupsin the
ADOHC: (1) young patientswith appendicitis showing minimal
online participation due to urgent care needs and (2) older
patients with cerebral hemorrhage displaying limited
engagement associated with caregiving proxiesor digital literacy
barriers. Unlike the CDOHC, the ADOHC exhibited sparse
emotional connections but concentrated on predominantly
informational hubs, treatment efficacy, and time-sensitive
treatment advice.

These findings have 3 significant theoretical implications. First,
by constructing a disease-specific characteristic index system
for user profiling in OHCs, this study provides a theoretical
framework for the precise identification and differentiated
understanding of patient users in OHCs. Through an analysis
of variationsin social support expressions across communities
of different disease types, the heterogeneous needs of user
groups at various health stages were revealed. Second, this
research constructed a multilevel social support network based
on user interaction patterns and developed an interaction
behavior analysisframework tailored to the health context. The
study further examined the density and structural heterogeneity
of community support networks across different disease types,
offering theoretical insights into user self-organization
mechanisms and support strategies under diverse health
predicaments. Third, this work advances the integration and
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interdisciplinary development of the social support theory, user
profiling theory, and social network theory within health
informatics.

The study findings also have several key practical implications.
First, given the heightened emotional support needs of chronic
disease users, key actions include implementing lightweight
NLP analysis modules in forum backends to enable real-time
mental health monitoring, integrating these NLP-based risk
detection systems with clinician alert protocols for high-risk
cases, and devel oping embedded interactive learning modules
to cultivate peer support networks among trained volunteers.
For the critical reliance of patients with acute diseases on rapid
information access, platform administrators should implement
Al-driven content verification systems to ensure information
authenticity and validity of online health platforms and should
strictly prevent the release and circulation of erroneoustreatment
information. All community users should contribute to platform
quality by practicing responsible, evidence-based content
standards and participating in gamified educational modules
that promote constructive engagement. At the systemic level,
these technical solutions should inform policy making, with
governments supporting NL P toolsfor mental health screening
and health care providers bridging online risk detection with
offline interventions. Furthermore, strategic partnerships
between digital platforms and community organizations can
create hybrid support networks that combine the scalability of
Al-enabled online services with the personalization of local
volunteer programs, ultimately fostering a supportive patient
care ecosystem.
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