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Abstract

Background: Type 2 diabetes affects nearly 34.2 million adults and is the seventh leading cause of death in the United States.
Digital health communities have emerged as avenues to provide social support to individuals engaging in diabetes self-management
(DSM). The analysis of digital peer interactions and social connections can improve our understanding of the factors underlying
behavior change, which can inform the development of personalized DSM interventions.

Objective: Our objective is to apply our methodology using a mixed methods approach to (1) characterize the role of
context-specific social influence patterns in DSM and (2) derive interventional targets that enhance individual engagement in
DSM.

Methods: Using the peer messages from the American Diabetes Association support community for DSM (n=~73,000 peer
interactions from 2014 to 2021), (1) a labeled set of peer interactions was generated (n=1501 for the American Diabetes Association)
through manual annotation, (2) deep learning models were used to scale the qualitative codes to the entire datasets, (3) the validated
model was applied to perform a retrospective analysis, and (4) social network analysis techniques were used to portray large-scale
patterns and relationships among the communication dimensions (content and context) embedded in peer interactions.

Results: The affiliation exposure model showed that exposure to community users through sharing interactive communication
style speech acts had a positive association with the engagement of community users. Our results also suggest that pre-existing
users with type 2 diabetes were more likely to stay engaged in the community when they expressed patient-reported outcomes
and progress themes (communication content) using interactive communication style speech acts (communication context). It
indicates the potential for targeted social network interventions in the form of structural changes based on the user’s context and
content exchanges with peers, which can exert social influence to modify user engagement behaviors.

Conclusions: In this study, we characterize the role of social influence in DSM as observed in large-scale social media datasets.
Implications for multicomponent digital interventions are discussed.

(JMIR Diabetes 2025;10:e60109)   doi:10.2196/60109
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Introduction

Type 2 diabetes (T2D) is responsible for affecting nearly 34.2
million adults, which accounts for 10.5% of the US population
[1]. According to a recent report, about US $327 billion was
spent on the treatment of diagnosed cases of T2D in the year
2017 alone [1]. In addition to its health and economic burden,
T2D also increases the risk of developing other health
complications such as heart disease, stroke, kidney failure, and
blindness [2]. Modifiable health behaviors such as obesity,
physical inactivity, unhealthy eating habits, and tobacco use are

major risk factors for developing chronic health conditions such
as T2D [2].

Behavior modification is a core component of diabetes
self-management (DSM) programs and provides the
much-needed support to improve health-related outcomes in
individuals with diabetes [3]. It is a complex process, and
research has shown that a range of psychological and social
processes influence an individual’s engagement in the
sustenance of positive health behaviors [4,5]. For example,
individuals are more likely to comply with health-related goals
and adhere to preventive practices, provided their socially
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connected peers also engage in similar behaviors by changing
their intrapersonal beliefs, attitudes, or knowledge [6,7].
However, the mechanisms underlying such multilevel influences
are not fully understood. Such a lack of understanding limits
our capabilities to personalize support infrastructure to meet
individual needs.

The widespread adoption of digital health technologies, such
as mobile apps, wearables, sensors, and digital health
communities (DHCs), creates opportunities to design tailored
strategies for behavior change [8,9]. These technologies enable
in-depth analysis of large-scale individual and population-level
trends, providing valuable insights into behaviors, preferences,
and social networks. [8,9]. The emergence of various peer-driven
health communities has allowed health care consumers to
interact with their peers and health care providers to garner
social support and gather knowledge on various health-related
topics, etc [10-12]. DHCs specific to T2D have been shown to
enable their users to seek and receive support and obtain
valuable information to improve psychosocial care and health
outcomes [13]. These communities provide us with large and
invaluable datasets in the form of electronic traces of peer
interactions that capture the attitudes and behaviors of large
populations in near real time and in natural settings [9].
Analyzing these datasets allows us to understand the
individualistic and environmental factors underlying behavior
change and develop effective behavior change interventions
(BCIs) [14].

Several studies have leveraged peer interactions in DHCs to
model human health behavior [15]. Some research studies have
explicitly focused on DSM-related DHCs and have analyzed
the data generated from these communities to (1) identify the
content of peer interactions, such as topics or themes of
conversation [16,17], and (2) understand linguistic features of
expression among members of DHCs and how that influences
social support [18]. However, in a social setting, the content of
communication and its context can affect the cognitive state of
individuals engaging in a conversation [19,20]. Still, the current
research on DSM-related DHCs needs to be more integrative
of these components. To develop agile, adaptive, and
personalized digital experiences for individuals at risk for T2D
or diagnosed with T2D, new approaches are needed that consider
multilevel contexts that can influence individual adherence to

DSM behaviors. In this paper, we present our methodology
using a mixed methods approach that combines qualitative
analysis, automated text analysis, and social network analysis
(SNA) techniques to characterize the role of context-specific
social influence patterns underlying peer-to-peer communication
and evaluate how “membership or affiliation” in a specific
context is predictive of user engagement in DSM. Such an
integrative approach can help us optimize user engagement in
digital settings and subsequently leverage these platforms as
delivery modalities for DSM.

Methods

Ethical Considerations
This study was exempted from human participant ethics review
approval by the institutional review board at the University of
Texas Health Science Center at Houston (HSC-SBMI-15-0697).
We extracted only the messages in the public domain, that is,
peer interactions marked public by the community users. To
maintain user anonymity, we deidentified the data obtained
from the DHC by assigning every community user a unique
user identifier. In addition, the researchers had no direct contact
with the community users.

Materials
The American Diabetes Association (ADA) support community
is a digital support group for individuals with diabetes (type 1,
type 2, or prediabetes) to engage with their peers as well as
caregivers [21]. The users of the community interact with one
another on a wide variety of topics ranging from medication
use, diet, physical activity, and daily monitoring of blood
glucose levels. Even though the outcomes among type 1, type
2, or prediabetes are impacted by behaviors (such as lifestyle,
medication use, and self-monitoring of blood glucose) that can
be heavily influenced by an individual’s social infrastructure,
for this research, we focused on interactions related to T2D.
The dataset used in this research spanned from 2014 to 2021,
consisting of 73,543 messages specific to T2D organized into
7619 unique topics posted by 2374 unique community users.
The dataset characteristics across all years are presented in Table
1.

Figure 1 captures the overall methodological framework used
in this study and is described in detail below.

Table . American Diabetes Association dataset characteristics.

20212020201920182017201620152014

922 (1.3)2202 (3)3805 (5.2)6379 (8.7)10,940 (14.9)16,859 (22.9)18,311 (24.9)14,104 (19.2)Total mes-
sages
(n=73,543), n
(%)

234 (3.1)501 (6.6)587 (7.7)746 (9.8)1028 (13.5)1588 (20.8)1776 (23.3)1337 (17.5)Unique topics
(n=7619), n
(%)

129 (5.4)206 (8.7)242 (10.2)336 (14.2)458 (19.3)677 (28.5)767 (32.3)597 (25.1)Unique users
(n=2374), n
(%)
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Figure 1. Overall methodological framework. ADA: American Diabetes Association; BCT: behavior change technique; CT: communication theme.

Characterization of Content and Context Exchanged
in Social Ties

Qualitative Analysis
The objective of qualitative analysis was to characterize the
nature of communication content and underlying context
embedded in peer interactions of the ADA community to gain
insights into the meaning of peer conversations and the choice
of user expressions that affect DSM behaviors. We randomly
selected a subset of 1501 forum messages from the original
dataset and manually coded them using directed content analysis
techniques along the following three dimensions:

1. Communication themes (CTs): Themes capture the essence
or meaning of peer conversations and are derived through
inductive analysis using grounded theory techniques [22].
These themes provide insights into the theory-driven
behavioral constructs prevalent in digital peer interactions.

2. Behavior change techniques (BCTs): For BCTs, we used
the BCT taxonomy [23] to identify manifestations of
theory-linked BCTs embedded within digital peer
interactions. This taxonomy provides a common vocabulary
to understand how sociobehavioral and cognitive constructs
of existing behavior change theories have been
operationalized in BCIs.

3. Speech acts (SAs): To model the communication context
underlying digital peer interactions, we used a modified
version of Searle’s SA theory [20] to describe how specific
content is expressed in human communication using 10
categories of SAs. SA theory can be used to model digital
peer interactions to recognize the general attitudes of
community users and understand their state of mind by

capturing implicit expressions and discourse patterns
underlying such peer interactions.

Our qualitative coding schema with definitions of various
categories of CTs, BCTs, and SAs can be found in Myneni et
al [24] and Singh et al [25].

Automated Text Analysis
Given our initial experiments with a conventional multiclass,
multilabel classification approach (which yielded poor results)
and the inherently imbalanced nature of the dataset (see the
Results section), we built a classification approach in which
multiple models were combined in a cascading manner [26,27]
for classification of the 3 communication attributes (CTs, BCTs,
and SAs). We implemented the following deep learning models
for performing text classification of peer interactions along the
3 dimensions: recurrent neural networks (RNNs), convolutional
neural networks (CNNs), and transformer-based models. The
labeled dataset was divided into 3 parts: 80% (1201/1501), 10%
(150/1501), and 10% (150/1501) for training, validation, and
test sets, respectively. For the implementation of RNNs and
CNNs, we used the Adam optimization algorithm to find the
best values for each parameter [28]. Specifically, we used the
AdamW optimizer to implement the Bidirectional Encoder
Representations from Transformers (BERT), set the dropout to

0.1 to avoid overfitting, and used a learning rate of 1 ×10−5. We
also computed class weights for the loss function to assign a
higher weight to the loss encountered by the messages associated
with infrequent label categories. To mitigate overfitting and
increase the models’generalization capacity, the validation loss
was monitored at every epoch. We found no further decrease
in the value of validation loss after 20 epochs for all models
that were trained. Therefore, the models were trained for only
20 epochs. We chose model hyperparameters based on their

JMIR Diabetes 2025 | vol. 10 | e60109 | p.3https://diabetes.jmir.org/2025/1/e60109
(page number not for citation purposes)

Singh et alJMIR DIABETES

XSL•FO
RenderX

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


optimal performance on the validation set. We converted the
probabilities into label categories based on a threshold value
that was calculated using the validation set. RNNs and CNNs
were implemented with Keras (developed by Google LLC) [29],
and BERT was implemented using PyTorch (developed by Meta
Platforms, Inc) [30]. The detailed implementation methodology
can be found in Singh et al [31].

Characterization of Individual Behaviors: Qualitative
Analysis
We extracted DSM behavior persona for a subset of users (92
of a total of 205 unique community users) based on their
self-reported forum signatures and assigned them behavior
profiles based on their DSM strategies [32] and diagnostic
features as follows: (1) medication status—whether or not the
users take medications; we further classified the medication use
to identify oral medicines only (metformin and glipizide) versus
injectable only (Novolog and Lantus) versus using both; (2)
diagnosis status—newly diagnosed of diabetes (2018 onward)
or had pre-existing diabetes (earlier than 2018); and (3) lifestyle
profile—whether the users incorporated lifestyle changes
(low-carbohydrate or Mediterranean diet, treadmill, and
walking) or they did not incorporate any such changes. An
example of a self-reported behavior signature is “Diagnosed:
February 2017, I went diet controlled with type 2 diabetes.
Meds: metformin 500 mg twice a day,” based on which this
user was assigned the following behavior persona—medication
user, a pre-existing user with T2D, and a user who incorporates
lifestyle changes.

Characterization of Social Ties

Overview
Using the labeled peer interactions from the ADA dataset, we
characterized the social networks of the 2 DHCs using
content-sensitive user-context affiliation networks. These
networks consisted of 2 modesT2D the first one being the
community users and the second one being the different SA
categories. The ties between them recorded the affiliation of
each user with each SA in a given CT. The community users
were assigned to a specific CT if they had at least exchanged 1
message belonging to the respective CT. For example, in
obstacles CT–based social network (Multimedia Appendix 1),
the first community user is affiliated with assertion SA, the
second community user is affiliated with commissive SA, and
the third community user is affiliated with both SAs, given that
these users expressed themselves using these categories of SAs
in the given CT. We constructed visual representations of
various CT-based affiliation networks between community users
and SAs. We used Gephi, an open-source network visualization
tool, to create and analyze these networks [33].

Affiliation Exposure Model
We used 2-mode affiliation networks consisting of 2 distinct
sets of nodes—the first set of nodes represents the ADA
community users (total n=360‐529, varies by CT), and the
second set of nodes represents the various SA categories (k=8).
We used CT-based social networks, where SAs were further
categorized based on community user’s communication styles.
The two broad communication styles were as follows: (1) the

sender of the message has an intention to “push-in” information
to the receiver (using SAs—assertion, stance, declarative,
directive, and statement) and (2) “interactive turn-taking,” where
the sender might try to engage their peers by pulling out and
pushing in information in the form of question, expressive, or
emotion. A community user was considered affiliated with a
specific SA category only if that user had exchanged a message
with that specific underlying context or SA. The affiliation
exposure model (AEM) was used to understand if the affiliation
to common SA categories (ie, peers who share similar contexts)
within a specific CT is associated with user engagement levels
in the ADA community. Affiliation exposure measures the
percentage of events in the community, where users
coparticipate with other users while embracing a specific
behavior [34]. This allows characterization of the role of
context-specific social influence patterns underlying peer-to-peer
communication in digital communities and simultaneously
evaluates the extent to which “membership or affiliation” in a
specific SA category is associated with user engagement levels.

In this context, we used the network exposure model [34-37]
that assumes that social influence occurs when community users
are exposed to a specific behavior by their social network
contacts. The 2-mode affiliation networks represented a user
(row)-by-SA (column) matrix, where each cell entry recorded
the number of times a particular SA (k) was expressed by the
user (n; ie, n × k 2-mode valued matrix) in a given CT. This
network was binarized using the median of the counts of SA
expressed by all community users in a given theme as a
threshold and used for further analysis (Aij)=1or 0 for i=1, … ,
529, and k=1, … ,8. By multiplying this dichotomized 2-mode
affiliation matrix (Aij) with its transpose (Aij’), the resulting
coaffiliation matrix C (=AijAij) is a symmetric matrix where
off-diagonal entries represent the pair of user’s coexpression of
SAs during peer conversations. The diagonal entries represent
the number of SAs expressed by a specific ADA community
user (diagonal vector of Cij).

The computation of affiliation exposure uses the coaffiliation
matrix (Cij) and multiplies Cij by each user’s attribute yj (ie,
engagement level, which corresponds to the posting frequency
of the ADA users). In this scenario, given that yj represents a
continuous variable, affiliation exposure measures the mean y
value of all ADA users with whom the ADA user is affiliated
through the expression of the same SAs weighted by the shared
SAs. The diagonal values of Cij; i=j were not included in this
computation but are included as a control variable for later
regression analysis to alleviate the potential underestimation of
autocorrelation parameter estimates [34]. The formula used to
compute 2-mode affiliation exposure is as follows:

F_=∑j=1Cij yj∑j=1Cij for i,j=1,…,N i≠j

where F is the affiliation exposure vector, Cij is the coaffiliation
matrix that represents a symmetric matrix of community users
(user-by-user) with every off-diagonal cell entry recording the
number of SAs shared between a pair of ADA users in their
peer conversations, and yj is a vector of user’s behavioral
attribute (user’s posting frequency). In this work, affiliation
exposure measures the percentage of SAs that ADA users
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coexpress while engaging with other community users in a given
CT. To account for network autocorrelation, we used the 2-mode
version of the network autocorrelation model, which is defined
as:

y=ρWy+Xβ+γD+ for  ∼n(0,σ2I)

where y is the vector of the user’s behavioral attribute (user’s
posting frequency), Wy equivalent to affiliation exposure term
F with W being (n×n) coexpression matrix C, X(n×h) is a matrix
of values for the n community users on h independent variables
with unit row vector for the intercept term, β(n × h) is a vector
of regression coefficients, ρ is a scalar estimate of
autocorrelation parameter, D represents the number of SAs
expressed by each community user, and γ is the corresponding
parameter. The covariates were the number of SAs each user
expressed (diagonal vector of Cij), medication status, diagnosis
status, and lifestyle status (Xs). We used the lnam function from
the statnet library in R (R Foundation for Statistical Computing),
open-source statistical analysis software for this purpose [38].

Results

Characterization of Content and Context Exchanged
in Social Ties

Qualitative Analysis
Regarding the thematic interests of the ADA community users,
social support (1128/1501, 75.1%) was the most communicated
theme among users. Teachable moments (357/1501, 23.8%)
was the second most prevalent theme among ADA community
users, using which the users described how positive behavior
changes impacted their blood glucose levels. The
medication-related conversations centered around insulin,
Lantus, metformin, etc, were quite prevalent (pharmacotherapy:
310/1501, 20.7%). Anxiety issues or the inability to manage
blood glucose numbers within the desired range were the most
commonly expressed obstacles among ADA community users
(obstacles: 262/1501, 17.5%). ADA community users shared
patient-reported outcomes (232/1501, 15.5%), for example, the
impact of β-blockers on blood glucose readings (Multimedia
Appendix 2).

For BCTs, feedback and monitoring (659/1501, 43.9%) was
the most frequently used among the community users, followed
by social support (565/1501, 37.6%), shaping knowledge
(518/1501, 34.5%), antecedents (420/1501, 28%), regulation
(323/1501, 21.5%), natural consequences (294/1501, 19.6%),
goals and planning (246/1501, 16.4%), and comparison of
outcomes (185/1501, 12.3%). Community users provided

feedback to one another regarding their self-management
behaviors toward diabetes. Users also provided support to one
another through emotional support or practical guidance. DHC
users guide their peers through information on how behavior
can be changed or how to restructure or organize physical or
social environments to support positive behavior changes.
Discussions on regulating positive behavior through medication
options such as insulin and metformin were also present. The
community users provided examples of social, emotional, and
health consequences of changing their behaviors.

Assertion SA (845/1501, 56.3%) was the most prevalent SA
embedded within the ADA messages, such as “consider blurry
vision as a sign of high blood sugar” or “diet and exercise are
the primary tools of defense against diabetes.” There was also
a high prevalence of statement SA (555/1501, 37%) highlighting
health-related practices of community users, such as “since my
diagnosis I have cut down carbs, started exercising and taking
metformin with the goal of keeping A1C values close to
normal.” Directive SA (392/1501, 26.1%) highlighting the
presence of peer guidance within the community was also
prevalent, such as “follow up with your primary care physician
to get the medications checked” or “check your blood glucose
values at least before every meal in the beginning.” Many
community ADA users seeking guidance from their peers posted
their queries or questions (304/1501, 20.3%) in the forums.
Stance SA (260/1501, 17.3%) in the form of “I agree, meds are
a source of consternation” or “I disagree with your point” was
also prevalent in ADA peer interactions.

Automated Text Analysis
For the classification of CTs, the performance of BERT
(ADA-trained) and BERT-base was comparable for all the
categories. For progress CT, BERT (ADA-trained) had a higher
F1-score compared to BERT-base, and for obstacles CT,
BERT-base had a higher F1-score compared to BERT
(ADA-trained; Table 2). RNNs and CNNs performed
comparably to BERT models for determining social support
and patient-reported outcomes CTs. The average performance
of RNNs and CNNs was comparable, while the average
performance of BERT (ADA-trained) and BERT-base was the
same. BERT (ADA-trained) outperformed all other models
when predicting community-specific pharmacotherapy and
progress CTs within ADA peer interactions. It could be because
further pretraining on the ADA corpus helped the model to
understand the context of words that pertain to medication uses,
such as sugar, swings, insulin, and metformin, as well as
understand the context of how these community users report
their behavioral progress in terms of A1c values over time, etc.
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Table . Category-wise F1-scores of deep learning models for classification of communication attributes in the American Diabetes Association (ADA)
dataset.

BERT (ADA-
trained)

BERTf-baseCNNeGRUdBiLSTMcLSTMbRNNaCategory

Communication themes

0.910.910.910.910.880.910.91Social support

0.800.810.780.720.790.760.70Readiness reg-
ulators

0.780.790.680.660.530.670.62Pharmacother-
apy

0.730.750.740.680.690.650.71Obstacles

0.810.810.790.790.820.810.81Patient-report-
ed outcomes

0.760.740.560.640.680.690.62Progress

0.80 (0.06)0.80 (0.06)0.74 (0.12)0.73 (0.10)0.73 (0.13)0.75 (0.10)0.73 (0.11)Average per-
formance (SD)

Behavior change techniques

0.720.720.710.640.590.660.66Feedback and
monitoring

0.710.710.630.650.550.610.59Social support

0.780.750.670.660.710.640.60Shaping
knowledge

0.710.730.700.670.680.680.63Antecedents

0.860.810.760.620.810.670.66Regulation

0.740.710.760.720.730.700.68Natural conse-
quences

0.790.790.790.760.780.730.78Goals and
planning

0.760.730.670.580.670.670.57Comparison of
outcomes

0.76 (0.05)0.74 (0.04)0.71 (0.05)0.66 (0.06)0.69 (0.09)0.67 (0.04)0.65 (0.07)Average per-
formance (SD)

Speech acts

0.760.740.700.680.730.700.71Assertion

0.710.690.600.470.540.530.49Statement

0.670.620.510.490.540.510.38Directive

0.750.720.540.530.450.450.27Question

0.720.630.630.680.650.600.62Emotion

0.710.670.580.560.640.600.53Stance

0.760.670.720.590.710.700.69Declarative

0.750.710.680.620.630.680.67Expressive

0.73 (0.03)0.68 (0.04)0.62 (0.08)0.58 (0.08)0.61 (0.09)0.60 (0.09)0.55 (0.16)Average per-
formance (SD)

aRNN: recurrent neural network.
bLSTM: long short-term memory.
cBiLSTM: bidirectional long-short-term memory.
dGRU: gated recurrent unit.
eCNN: convolutional neural network.
fBERT: Bidirectional Encoder Representations from Transformers.
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For BCT classification, BERT (ADA-trained) was better than
all other models for classifying various BCT categories, except
for the antecedents and natural consequences, for which the
BERT-base and CNN had higher predictive performance,
respectively. However, the average performance of BERT
(ADA-trained) was higher than all other models. The
BERT-base model’s performance was comparable to that of
BERT (ADA-trained) in predicting feedback and monitoring,
social support, and goals and planning BCTs. The BERT-based
model’s average performance was comparable to that of BERT
(ADA-trained) in classifying various BCT categories.

In the case of SAs, BERT (ADA-trained) achieved the highest
F1-scores for all the categories, ranging from 0.67 to 0.76 (Table
2). The average performance of the model was much higher
than that of the other models—BERT-base, CNNs, and RNNs.

The F1-score was lowest for identifying directive SA in the
ADA dataset, while assertion, declarative, question, and
expressive had the highest F1-scores (0.76, 0.76, 0.75, and 0.75,
respectively).

Characterization of Individual Behaviors: Qualitative
Analysis
We extracted the behavior persona for 529 (~22.3%) ADA
community users (from 2374 community users) who had
provided their self-reported behavior signatures. The distribution
of different statuses is provided in Table 3; as can be seen, most
of the users interacting within the ADA forum used oral
medications (237/529, 44.8%), had a long history of diabetes
(428/529, 80.9%), and did not provide any information about
lifestyle changes (378/529, 71.5%).

Table . User-level behavior persona extracted from the American Diabetes Association dataset.

Users (n=529), n (%)

Medication profile

237 (44.8)Oral only

63 (11.9)Injectable only

77 (14.6)Both (oral+injectable)

52 (9.8)No medications

102 (19.3)No information

Diagnosis profile

428 (80.9)Pre-existing diabetes

4 (0.8)Newly diagnosed

99 (18.7)No information

Lifestyle profile

153 (28.9)Yes

378 (71.5)No

Characterization of Social Ties

Overview
For illustration purposes, Figure 2 presents the users-by-SA
affiliation networks for ADA community users for the 2
CTs—pharmacotherapy and obstacles. In the pharmacotherapy
CT–based network, the purple nodes represent the medication
users, and the yellow nodes represent the other users. In the
obstacles CT–based network, the blue color nodes represent the
users who incorporate lifestyle changes, and the orange nodes
represent users who did not incorporate lifestyle changes. In

both networks, the size of the nodes represents the engagement
of the users, where the large-sized nodes represent the power
engagement users, medium-sized ones represent the sustained
engagement users, and small-sized nodes represent the
infrequent engagement users. The different SA categories are
represented by their labels, and the affiliation ties represent the
SAs the users expressed in their communication using the 2
CTs. These data represent all users’communications from 2012
to 2021, in which the ADA users expressed the 2 CTs given.
As seen in the figure, stance and declarative are popular SAs
among power engagement users in the pharmacotherapy
CT–based network.

JMIR Diabetes 2025 | vol. 10 | e60109 | p.7https://diabetes.jmir.org/2025/1/e60109
(page number not for citation purposes)

Singh et alJMIR DIABETES

XSL•FO
RenderX

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


Figure 2. Two-mode affiliation networks for American Diabetes Association community users. CT: communication theme.

Affiliation Exposure Model
The overall ADA dataset used for AEM spanned from 2014 to
2021, consisting of 56,993 messages organized into 7232 unique

topics posted by 529 community users with self-reported
signatures. The distribution of messages by themes is provided
in Table 4.

Table . Theme-specific affiliation exposure model dataset characteristics.

Users (n=529), n (%)Topics (n=7232), n (%)Messages (n=56,993), n (%)Communication themes

529 (100)7232 (100)56,952 (99.9)Social support

505 (95.5)6726 (93)40,233 (70.6)Readiness regulators

471 (89)4333 (59.9)20,722 (36.4)Pharmacotherapy

360 (68.1)2635 (36.4)8204 (14.4)Obstacles

391 (73.9)3033 (41.9)19,230 (33.7)Patient-reported outcomes

378 (71.5)2869 (39.7)18,205 (31.9)Progress

The effect of affiliation exposure on user engagement was
statistically significant for all CTs (ie, social support, readiness
regulators, pharmacotherapy, obstacles, patient-reported
outcomes, and progress; communication content). The
autocorrelation parameter estimates indicated a positive
association between exposure to community users through
interactive communication style SAs and user engagement.
Specifically, community users affiliating with interactive
turn-taking communication styles, such as questions, emotions,
or expressive statements, were positively linked to higher
engagement levels among ADA community users. For example,
when a user with a question about morning glucose levels
(communication context) interacts with others sharing a similar
DSM context within a readiness-regulators–specific network,
they are more likely to remain engaged in the digital community.
This engagement is reflected in their posting frequency. On the

other hand, exposure to community users affiliating with push-in
communication style SAs, such as assertions, declaratives,
directives, stances, or statements (communication context), was
negatively associated with user engagement in the community
(Table 5).

The pre-existing users with T2D were more likely to stay
engaged in the community when they expressed patient-reported
outcomes and progress CTs (communication content) using
interactive communication style SAs (questions, emotion, or
expressive; communication context). The number of common
SAs as manifested in the interactions exchanged between ADA
users were significant across all CTs. It indicated that the more
SAs a user expressed through peer interactions within the
community, the more likely the user would remain engaged
with the community for self-managing diabetes-related
behaviors (Table 5).
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Table . Affiliation exposure among American Diabetes Association users derived from the network autocorrelation model.

SAs affiliated, b
(SE)

Lifestyle status, b
(SE)

Diagnosis status, b
(SE)

Medication status,
b (SE)

Affiliation expo-
sure, b (SE)

Type of CTsa and type of SAsb (commu-
nication styles)

Social support (n=529)

0.758d (0.002)−1.500 (2.068)1.682 (1.516)−0.790 (1.415)−0.012d (0.004)Push-in CSc

0.929d (0.004)1.787 (3.753)0.885 (2.747)−0.758 (2.560)0.068d (0.006)Interactive turn-
taking CS

Readiness regulators (n=505)

0.731d (0.001)−1.222 (1.167)0.837 (0.865)−0.546 (0.812)−0.023d (0.003)Push-in CS

0.885d (0.004)3.200 (2.707)0.660 (2.008)−0.825 (1.884)0.067d (0.006)Interactive turn-
taking CS

Pharmacotherapy (n=471)

0.690d (0.002)−1.003 (0.688)0.500 (0.504)0.160 (0.474)−0.012e (0.004)Push-in CS

0.871d (0.005)1.080 (1.452)0.212 (1.064)−0.391 (1.000)0.074d (0.007)Interactive turn-
taking CS

Obstacles (n=360)

0.735d (0.002)0.102 (0.222)0.049 (0.162)−0.209 (0.147)−0.017d (0.003)Push-in CS

0.839d (0.006)0.164 (0.668)0.663 (0.488)−0.265 (0.441)0.070d (0.008)Interactive turn-
taking CS

Patient-reported outcomes (n=391)

0.707d (0.001)−0.313 (0.453)0.516 (0.340)−0.246 (0.312)−0.008e (0.003)Push-in CS

0.821d (0.004)1.208 (1.094)1.854f (0.823)−0.590 (0.754)0.080d (0.006)Interactive turn-
taking CS

Progress (n=378)

0.708d (0.002)−0.279 (0.456)0.512 (0.343)−0.258 (0.313)−0.009d (0.003)Push-in CS

0.820d (0.004)0.822 (1.092)1.944f (0.823)−0.421 (0.752)0.082d (0.006)Interactive turn-
taking CS

aCT: communication theme.
bSA: speech act.
cCS: communication style.
dP<.001.
eP<.01.
fP<.05.

Discussion

Principal Findings

Overview
Studies on social diffusion research underscore social
relationships’ role in the adoption and spread of behaviors [39].
Ideological proximity increases the likelihood of individuals
becoming friends and influences the dynamic of social
interactions [40-43]. Characterizing the communication content
and context embedded in these social exchanges helps capture
the proximity of such ideas. Communication attributes captured
via CTs, BCTs, and SAs, along with the structure of social ties
in a DHC, can provide us with insights into mechanisms of how
communication events lead to specific social actions. One study
showed that highly engaged individuals with the diabetes digital
community achieve better health outcomes, such as improved

glycemic levels, than those who do not engage with such digital
platforms [44].

In this paper, we described our attempts to adapt the existing
advances in natural language processing techniques and social
network modeling approaches to incorporate
communication-level attributes (content and context) and
individual-level attributes to understand the social influence
mechanisms that drive user DSM behaviors from large-scale
social media datasets. This study takes an empirically grounded
approach to derive communication content- and context-driven
network patterns of behavior change that can be translated into
the design of adaptive BCIs. The 2-mode affiliation networks
allowed us to visualize distinctive patterns of clustering within
CT- and BCT-specific networks. The community users in these
affiliation networks are interconnected by different SAs, with
certain SAs being more popular than others as per user’s
engagement status, and it also varies by various kinds of CTs
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or BCTs. Another study used affiliation networks to study the
impact of affiliation on alcohol use behaviors among adolescents
[45]. Young et al [46] investigated how affiliation to certain
digital groups within a social network can influence sexual
behaviors. Overall, the results from content-sensitive and
context-aware SNA conducted in our work reveal multiple
significant patterns of expression of specific content and context
that can influence users’ DSM behaviors.

Implications for Design of Digital DSM Interventions
The results from this study indicate that capturing various
communication attributes from digital peer conversations can
help us understand users’ implicit needs and how providing
users with their requirements can positively impact their DSM
behaviors. For example, users expressing themselves with
specific communication attributes (eg, interactive turn-taking
SAs) can form better connections with other community users,
which was shown to improve engagement in DSM behaviors
[47]. Our results from AEMs show that specific patterns of
content and context can exert social influence—for example,
ADA community users affiliating with peers who express with
interactive turn-taking communication style SAs in the form of
question, expressive, or emotion tend to stay engaged in the
community. In another study, the AEM was used to understand
how affiliation-based peer influence affects alcohol use
behaviors in adolescents [48]. Previous studies have shown how
user engagement in social media can influence their
health-related outcomes [49,50]. Social network interventions
using the use of such networks have already been proposed by
researchers in the domain of HIV prevention [51] and tackling
COVID-19 misinformation spread [52]. The findings from this
study suggest new directions in developing network
interventions that focus on incorporating communication
attributes that are personalized to individuals’ latent needs. For
example, an intervention in the form of an artificial intelligence
Bot Moderator can recommend connections to make structural
changes to the existing networks, such as connecting users with
similar contexts, for example, a community user asking
questions about pharmacological support can be recommended
to communicate with other users who have similar questions.

Limitations
First, in the qualitative analysis, the relatively small sample size
was selected for manual annotation, which may have resulted
in inaccurate representations of the overall prevalence of
different communication attributes. However, the sample of
1501 messages using qualitative research methods was
appropriate for the research objectives. For this research, we
extracted messages about topics related to T2D, and the
extractions were done in 2018 and 2021. While there was a
reduction in the number of messages in our dataset between
2018 and 2021, several external factors must be considered,
notably the community’s transition to a new technology platform
and the impact of the COVID-19 pandemic. Research during
the pandemic has shown that DSM behaviors were significantly
impacted, with many individuals experiencing both positive
(adopting healthier eating habits) and negative (decreased
physical activity) changes in their management routines due to
social isolation, stress, and disruptions in health care access

[53,54]. It aligns with what may have occurred within our study
community, as they faced the dual challenge of adapting to a
new platform and managing the broader societal disruptions
caused by the pandemic. Despite these challenges, the dataset
remains highly relevant to understanding DSM, as peer
interactions are a cornerstone of diabetes self-care. The insights
from this dataset contribute to a broader understanding of how
peer support can enhance patient engagement in DSM. Thus,
while the reduction in message volume is a limitation, the
remaining interactions continue to provide valuable insights
into the adaptation and resilience of individuals managing
diabetes in digital social environments. Second, we only
considered some categories of BCTs and SAs for automated
text analysis, given the imbalanced nature of the manually
annotated dataset. In addition, while applying the finalized
model to the unlabeled dataset, we used the threshold values
for assigning a particular category of CTs, BCTs, or SAs to the
peer messages, which reduced the total number of labeled
messages, which might have resulted in missed network ties
during our retrospective and SNA. Finally, the AEM analysis
was based on the cross-sectional affiliation data obtained from
the ADA dataset, which limits our understanding of the potential
causality of SA affiliation and dynamic patterns of SA affiliation
in various CT-based social networks. Despite this limitation,
this work offers empirical insights into users’ affiliation to SAs
using certain themes or theoretical constructs. Another critical
limitation of this study is the potential for bias arising from
affiliation exposure, particularly selection bias, autocorrelation
bias, and the challenge of distinguishing between causality and
correlation [34]. Selection bias may occur if the dataset
overrepresents certain affiliations, leading to results that are not
fully generalizable. Our methods attempt to address this by
ensuring random harvesting of digital interactions. However,
our data are limited to individuals participating in these
networks. Future works should attempt to include mixed
methods recruitment strategies to ensure broader
population-level data capture. Autocorrelation bias can inflate
behavioral similarities within networks, making it appear that
behaviors spread more widely due to social connections rather
than inherent trends [34]. Although our AEM helps mitigate
these biases by segregating peer and group influences, the
difficulty in separating correlation from causality remains. While
individuals within certain affiliations may exhibit similar
behaviors, it is often unclear whether these behaviors are driven
by the affiliation itself or by pre-existing characteristics that led
individuals to join those groups. Future research should aim to
diversify affiliations in the dataset and incorporate longitudinal
data to address these biases better and distinguish between
correlation and causality.

We extracted behavioral profiles for only a subset of the
community users with self-reported behavior persona; thus,
such behavior profiles may not represent the entire community
user population. Moreover, this analysis does not consider
sociodemographic and cultural factors, which can also result in
differences in the expression of various communication
attributes. Future work should focus on complementing the
current efforts by biobehavioral sensing using commercial
wearables (such as continuous glucose monitors), collaborating
with community partners, and using data obtained from multiple
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communities for each application domain as has been used by
other studies [55]. Such insights will help us understand users’
needs and triggers surrounding certain behavioral events (such
as fluctuations in blood glucose values) so that the interventions
can be customized for that specific behavioral stage of change.

Conclusions
Ubiquitous internet connectivity has led to the onset of digital
health platforms where more and more individuals are engaging

with their peers to manage their health-related conditions. Our
study demonstrates that real-time digital interactions effectively
capture the complexities of DSM-related behaviors and reveal
how self-expression within specific contexts influences
engagement with digital peers, ultimately affecting DSM. A
theory-driven, large-scale analysis of such datasets can provide
valuable insights into the underlying processes of DSM,
informing the design of highly effective BCIs.
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