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Abstract
Informal caregivers (e.g., family members or friends) of people liv-
ing with Alzheimer’s Disease and Related Dementias (ADRD) face
substantial challenges and often seek informational or emotional
support through online communities. Understanding the factors
that drive engagement within these platforms is crucial, as it can
enhance their long-term value for caregivers by ensuring that these
communities effectively meet their needs. This study investigated
the user interaction dynamics within two large, popular ADRD
communities, TalkingPoint and ALZConnected, focusing on topic
initiator engagement, initial post content, and the linguistic pat-
terns of comments at the thread level. Using analytical methods
such as propensity score matching, topic modeling, and predictive
modeling, we found that active topic initiator engagement drives a
higher comment volume, and reciprocal replies from topic initiators
encourage further commentor engagement at the community level.
Practical caregiving topics prompt more re-engagement of topic
initiators, while emotional support topics attract more comments
from other commentors. Additionally, the linguistic complexity and
emotional tone of a comment are associated with its likelihood
of receiving replies from topic initiators. These findings highlight
the importance of fostering active and reciprocal engagement and
provide effective strategies to enhance sustainability in ADRD care-
giving and broader health-related online communities.

CCS Concepts
•Human-centered computing→ Social media; •Applied com-
puting → Sociology; • Information systems → Social network-
ing sites.

Keywords
Alzheimer’s Disease, Online Communities, Informal Caregivers,
User Engagement, Social Media Analytics
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1 Introduction
Alzheimer’s Disease and Related Dementias (ADRD) give significant
challenges to both patients [12] and their families [7], generally
due to the progressive nature of these conditions [13] and extensive
care required [9]. This care is predominantly provided by informal
caregivers, such as family members or close friends, who often
report substantial emotional, physical, and financial burdens [28,
40]. As a result, there is a high demand for support and resources
to help them maintain their caregiving roles and manage their own
health conditions [18, 41].

Online communities have become essential platforms for infor-
mal ADRD caregivers to seek emotional and informational support
[5, 35]. These communities allow caregivers to connect with nu-
merous peer caregivers who share similar experiences and thus can
provide advice on managing various caregiving tasks without the
constraints of time and location [11]. Notably, reading or partici-
pating in online peer discussions can reduce caregivers’ depressive
symptoms [46] and improve the quality of life [3].

Given the vital role of these online communities in supporting
caregivers, characterizing the factors that drive online engagement
within these platforms is essential for ensuring their long-term sup-
port for caregivers [4]. Particularly, studies have shown that high
messaging volumes and a strong sense of closeness gained through
mutual support among informal ADRD caregivers are associated
with the perceived value of these communities [23, 46]. However,
few studies have focused on maintaining the sustainability of online
ADRD caregiving communities. While broader research on online
engagement has examined activity patterns at the community level,
such as topics, user retention and community growth [10, 15, 34],
these studies often lack detailed, actionable insights into how to
enhance interactions at the individual level.

To fill this gap, this study focused on two large, prominent online
communities for ADRD patients and their caregivers: TalkingPoint
[2] and ALZConnected [1], organized by the UK Alzheimer’s Society
and the Alzheimer’s Association, respectively. In both communi-
ties, users can initiate a topic thread with an initial post as a topic
initiator, and other users can provide comments or replies as com-
mentors. Topic initiators can further engage in the discussion either
by replying to commentors or posting additional self-comments to
continue the discussion. This study defines such active engagement
of topic initiators as Topic Initiator Engagement (TIE).

Interactions between topic initiators and commentors are crucial
for maintaining active discussions. According to social presence
theory [19], visible participation by key users (such as topic initia-
tors) encourages broader community interaction. Social exchange
theory [14] supports the idea that reciprocal interactions (such as
receiving replies) reinforce engagement. Additionally, Pan et al. [36]
found that linguistic alignment between posts and replies enhances
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Figure 1: An overview of the four hypotheses proposed in this study regarding interactions between topic initiators and
commentors at the topic thread or community level. TIE: topic initiator engagement.

participation in an online depression community. However, none of
these theories have been examined in the context of online ADRD
caregiving discussions. In this research, we apply these theories to
guide the design of four hypotheses on how engagement dynamics,
content, and linguistic features influence participation in ADRD
caregiving communities as follows (Figure 1):

• H1: Threads, where topic initiators engage in following
discussions, will have a higher comment volume.

• H2: Commentors who receive replies from a topic initiator
will contribute more comments in the community.

• H3: Topics of initial posts are associated with both TIE and
the comment volume of topic threads.

• H4: Linguistic patterns of comments are associated with
the likelihood of obtaining replies from topic initiators.

By identifying the factors that encourage communications be-
tween topic initiators and commentors, this study aims to provide
actionable strategies to enhance online engagement and collective
knowledge sharing, particularly in supporting informal ADRD care-
givers. The findings may extend beyond ADRD communities and
provide broader implications for enhancing online user interactions
and community sustainability in various health-related domains.

Ethical and Privacy Consideration. This study was exempt
from human subjects research by the Institutional Review Board of
[Institution Name]. All quotes were rephrased to ensure anonymity,
and experiments were conducted on secure servers.

2 Data Source
To ensure the generalizability of our findings, we use data from
two popular online ADRD communities: TalkingPoint and ALZCon-
nected, to conduct experiments. These platforms provide valuable
resources for caregivers and individuals discussing ADRD in several
countries, including the United States, United Kingdom and Canada.
They offer a rich dataset for analyzing engagement patterns. We
focused solely on self-identified caregivers and excluded administra-
tors, moderators, and users who merely published advertisements.
We collected publicly accessible data using a web crawler built with
the BeautifulSoup v4.11 Python package in 2022.

The TalkingPoint dataset contains 846,344 posts, including 81,068
initial posts and 765,276 comments, published by 34,551 unique
users between March 31, 2003 and November 3, 2022. Of these users,
27,907 initiated at least one topic thread, and 26,651 participated

as commentors. A total of 53,997 threads had TIE, while 27,071
did not. While the ALZConnected dataset includes 521,382 posts,
with 56,928 initial posts and 464,454 comments, published by 18,586
unique users between November 14, 2011 and August 6, 2022. Of
these users, 12,634 were topic initiators, while 14,897 participated
as commentors. 30,696 threads had TIE, while 26,232 did not.

3 Topic Initiator Engagement (H1)
3.1 Data Cohort
In this analysis, we compared topic threads with TIE to non-TIE
threads in terms of their association with comment volume. The ra-
tio of TIE to non-TIE threads was approximately 2:1 in TalkingPoint
(53,997 vs. 27,071) and 1.2:1 in ALZConnected (30,696 vs. 26,232).

To control for potential confounding factors influencing com-
ment volume, we generated four key features: (1) Topic Proportions,
(2) Sentiment Scores, (3) Previous Activity, and (4) Initial Post Length.
For Topic Proportions, we applied Latent Dirichlet Allocation (LDA)
to initial posts and used perplexity scores to determine the optimal
number of topics, ultimately selecting 11 topics from a range of
[5, 40] to minimize perplexity and achieve a clear topic structure
[49]. We removed the least frequent topic from the analysis due
to the fact that the sum of all the topic probabilities equals one.
Sentiment Scores were conducted using Valence Aware Dictionary
and sEntiment Reasoner (VADER) [20], producing positive (Pos.),
negative (Neg.) and compound (Comp.) sentiment scores to capture
the emotional tone of each post. Previous Activity was measured
by calculating the number of comments made by the topic initiator
before starting the thread, serving as a proxy for user reputation
and accounting for the possibility that highly active users may
naturally attract more comments. Initial Post Length was also con-
sidered because longer posts might attract more responses. These
features were used to control for external factors, all features were
normalized before performing PSM.

3.2 Propensity Score Matching
We applied PSM to control for confounding variables and isolate the
effect of TIE on comment volume. PSM is a widely recognized tech-
nique for addressing selection bias by creating comparable groups
[8]. We adopted Logistic Regression (LR) to estimate propensity
scores based on the selected covariates. After matching with search-
ing for the nearest neighbor (NN) in the non-TIE group per TIE, we
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achieved a TIE to non-TIE ratio of 53,997 to 19,486 for TalkingPoint
and 30,696 to 14,825 for ALZConnected.

To assess covariate balance after matching, we calculated the
Standardized Mean Difference (SMD) for each covariate. It has been
suggested that SMDs smaller than 0.20–0.25 generally indicate a
good matching [42]. All features had SMD values below 0.2 for
both platforms, indicating a good balance of features between the
matched groups [45]. Detailed SMD values for each feature were
shown in Appendix A.1.

3.3 Statistical Analysis
We performed a Wilcoxon rank sum test to evaluate the difference
in the number of comments (excluding comments made by topic
initiators themselves) between topic threads with and without TIE.
For TalkingPoint, the average number of comments in threads with
TIE was 8.9 (median: 6.0, IQR: 3.0–10.0), while in non-TIE threads
was 3.8 (median: 3.0, IQR: 1.0–5.0). The Wilcoxon rank sum test
resulted in a p-value < 0.001, indicating a significant difference
between the two groups. Similarly, in ALZConnected, the average
number of comments in threads with TIE was 8.9 (median: 6.0, IQR:
4.0–10.0), compared to 4.6 (median: 3.0, IQR: 2.0–6.0) in non-TIE
threads. P-value < 0.001, also indicating a significant difference
between the two groups.

These results confirm H1 in both communities, showing that
the engagement of topic initiators in their own threads is associ-
ated with increasing comment volume. This analysis highlights
the importance of TIE in encouraging community interactions and
sustaining discussion threads.

4 Commentor Engagement (H2)
4.1 Data Cohorts
4.1.1 Inferring Reply Relationships. We constructed a dataset to
map reply relationships within the community discussions. This
dataset facilitated the understanding of interaction dynamics by
identifying who replied to whom and which comments were re-
sponded to by topic initiators. In TalkingPoint, we found that 31%
of the total comments (181,069 out of 584,207) were replied to by
a topic initiator, involving 29% of the commentors (4,902 out of
16,889). Similarly, in ALZConnected, we identified that 21% of com-
ments (79,095 out of 385,359) were replied to by topic initiators,
involving 19% of commentors (2,242 out of 11,580).

4.1.2 Time Window Setup and Non-TIE Simulation. We divided
the timeline of each commentor’s posting activity into defined
time windows relative to the date of the first TIE. Time windows,
ranging from 1 month to 6 months (or 30 to 180 days in 30-day
increments), were defined to capture the periods “before” (𝑃𝑏𝑒𝑓 𝑜𝑟𝑒 )
and “after” (𝑃𝑎𝑓 𝑡𝑒𝑟 ) receiving the TIE.

For the non-TIE group, we simulated a comparable “pseudo-TIE
date”, generated based on the distribution of days between the first
composed comment and the first TIE date for users in the TIE group.
This ensures that non-TIE group users were observed under similar
conditions, facilitating the creation of a fair comparison.

4.1.3 Confounding Factors. To control for potential confounding
factors influencing changes in future online engagement, we con-
structed several features to represent commentors’ behavior in

Figure 2: The log-scaled average number of comments per
day after receiving TIEs across time windows in TalkingPoint
(***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05).

𝑃𝑏𝑒 𝑓 𝑜𝑟𝑒 . These features included: (1)Topic Proportions, which has
15 topics from a range of [5, 40] generated using an LDA model
optimized with perplexity measurements (similar to inH1), exclud-
ing the lowest proportion topic for PSM to avoid multicollinearity,
(2)Sentiment Scores using VADER (Pos., Neg., and Comp.), (3)Com-
ments Length (number of words per comment), and (4)Absolute
Time, which measures the number of months since the platform’s
creation up to the posting time, capturing the potential influence of
time on overall community activities. Additionally, we computed
(5)Freq. 𝑃𝑏𝑒 𝑓 𝑜𝑟𝑒 , the average frequency of comments posted per
time window, and (6)Median Absolute Deviation (MAD) to capture
variability in posting behavior during 𝑃𝑏𝑒𝑓 𝑜𝑟𝑒 . All features were
normalized before performing PSM to find the nearest neighbors.

4.2 Propensity Score Matching
To evaluate how receiving a TIE influences commentors’ future
engagement, which is measured as the number of comments pub-
lished during 𝑃𝑎𝑓 𝑡𝑒𝑟 , we applied PSM, as introduced in H1, to
compare commentors who received TIEs with those who did not
(the non-TIE group). Again, for each commentor, we aggregated
the mean values of features (1)–(4) and combined them with (5)
and (6) to represent overall behavior for matching. As presented in
Appendix A.3, the majority of SMD values fall below 0.2, reflecting
a strong balance of features between the matched groups across
time windows and platforms. We used LR to compute propensity
scores based on the constructed features and applied NN to find
the nearest commentor from the non-TIE group.

4.3 Statistical Analysis
Figure 2 shows the log-scaled average number of comments per
day after receiving TIEs 𝑃𝑎𝑓 𝑡𝑒𝑟 in TalkingPoint, with the TIE group
consistently exhibiting higher engagement than the Non-TIE group
across all time windows. We used a log-scaled visualization to
better highlight the differences between the groupswhile mitigating
the impact of outliers, which could obscure the visibility of the

3
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trends in the raw values. For example, at the 30-day window in
TalkingPoint, the mean number of comments per day for the TIE
group is 0.45 (median: 0.20, 𝐼𝑄𝑅: 0.07–0.47), while the Non-TIE
group has a mean of 0.30 (median: 0.13, 𝐼𝑄𝑅: 0.07–0.43). At the 180-
day window, the mean for the TIE group is 0.25 (median: 0.07, 𝐼𝑄𝑅:
0.02–0.21), whereas the Non-TIE group has a mean of 0.12 (median:
0.03, 𝐼𝑄𝑅: 0.01–0.12). Similarly, for ALZConnected, at the 180-day
window, the TIE group’s mean is 0.35 (median: 0.09, 𝐼𝑄𝑅: 0.03–
0.33), compared to the Non-TIE group with a mean of 0.20 (median:
0.05, 𝐼𝑄𝑅: 0.01–0.21). Appendix A.2 presents a similar analysis for
ALZConnected, where the long-term engagement pattern for TIE
and Non-TIE groups also follows a similar trend.

Across all time windows, Wilcoxon rank-sum tests reveal statis-
tically significant differences between the two groups’ comment
frequencies, consistently with 𝑝 < 0.001. These results strongly
support H2, confirming that receiving replies from topic initiators
is associated with a higher average number of comments per day,
demonstrating a substantial increase in engagement compared to
the Non-TIE group.

5 Topic Analysis of Initial Posts (H3)
5.1 Data Cohort
We focused on initial posts from TalkingPoint and ALZConnected.
For each topic thread, we collected the content of the initial post,
whether the thread had TIE, and the total number of comments
composed by other commentors. The number of comments and
the presence of TIE served as metadata, forming the foundation for
analyzing how topics and content characteristics of initial posts
impact the online engagement of topic initiators and commentors.
In TalkingPoint, there is an average of 7 comments per thread, with
a median of 4.0 (𝐼𝑄𝑅 2.0–8.0); In ALZConnected, there is an average
of 7 comments per thread, with a median of 5.0 (𝐼𝑄𝑅 2.0–8.0).

5.2 Structural Topic Modeling
Structural Topic Model (STM) is a method applied to uncover latent
topics within text data, allowing for the inclusion of document-
level metadata to explore how topics interact with other variables
[38]. It is widely adopted in computational social media research
[22, 33, 37]. STM is particularly useful inH3 as it enables analysis of
not only the content but also how the presence of TIE or comment
volume interacts with uncovered topics.

5.2.1 Model Training. We trained our STM models using the stm
v1.3.7 package in R, with the initialization method set to LDA. The
use of LDA as the initialization method enables flexible topic dis-
covery while ensuring a stable starting point. To determine the
optimal number of topics 𝑘 in stm model, we applied the method of
selecting proper topic sizes [32] from a range of [5, 40] using two
key metrics: 1) exclusivity and 2) semantic coherence. Exclusivity
measures how uniquely the top words belong to a specific topic,
with higher scores indicating more distinct topics. Semantic coher-
ence assesses how often the top words of a topic appear together
in the same documents, with higher coherence suggesting that the
words are meaningfully related. These metrics were selected to
provide a better balance between distinct topic generation and in-
terpretability compared to traditional LDA evaluation metrics like

perplexity (which focused on statistical fit rather than the clarity of
topics). Our analysis indicated that 𝑘 = 30 provided the best balance,
capturing diverse topics while maintaining interpretability.

5.2.2 Generated Topics. The STM model identified 30 distinct top-
ics within the TalkingPoint community. Due to the large number of
topics, we grouped them into five main categories for clarity: Com-
munity Engagement, Practical Care, Feelings, Health Discussions, and
Legal & Financial Matters. An Others category was created for top-
ics that primarily consist of linguistic common words like “don’t”
and “cannot”, which do not carry clear interpretative meanings.
Our analysis focused mainly on the five primary categories. Our
categorization process was a collaboration with sociology experts
specializing in community engagement and healthcare communica-
tion. We jointly reviewed the top 20 words and posts for each topic,
forming an initial set of categories. These categories were then re-
fined through three rounds of expert feedback to ensure alignment
with the core themes of the dataset and to accurately capture the
nuances of the topics. Figure 3 visualizes the distribution of these
topics. A similar set of topics was generated in ALZConnected, as
shown in Appendix A.4, indicating that ADRD communities share
common themes, reinforcing the generalizability of these findings.

The analysis revealed that community engagement plays a key
role in these discussions. Topic 19, labeled Community Words, cap-
tures 6.5% of the overall discussion. This demonstrates the plat-
form’s role in encouraging interaction, as users often discuss the
community itself and its value for connecting with others. In ad-
dition to community topics, Practical Care emerged as the most
dominant category, accounting for 23.5% of the overall discussions.
Within this category, Topic 27 (Caregiver Support) makes up 4.5% of
the conversations, and Topic 25 (Safety Concerns) represents 2.7%.
The prevalence of these topics shows that many users seek advice
and shared experiences on daily caregiving tasks, safety concerns
and support, underlining the platform’s practical value. The emo-
tional side of caregiving is another significant theme, particularly
in the Feelings category. Topic 16 (Family Feelings) accounts for
4.3% of the discussions. A typical post reads, “Hi everyone, I just
wanted to let everyone know how I feel right now ... my heart feels like
it’s breaking...(rephrased).” This category captures the emotional
struggles of caregivers, as they share feelings and receive support,
highlighting the community’s role in containing emotional as well
as practical help.Health Discussions focus onmedical treatments and
health management, with Topic 29 (Treatment Options) represent-
ing 3.7% of discussions. Posts often address dementia progression
and medical interventions. One user, for example, writes, “[Drug-
name] inhibitors (e.g., [brandname]): These drugs work by increasing
the level of a chemical in the brain in people with vascular demen-
tia (rephrased). ” This demonstrates the platform’s usefulness for
exchanging crucial health information and advice on treatments.
Finally, Legal & Financial Matters are discussed less frequently but
still represent a significant portion of the conversation. Topics like
Topic 4 (Legal Matters; 3.5%) and Topic 10 (Financial Support; 3.4%)
reflect users seeking advice on issues beyond caregiving. Users
often look for professional guidance to manage legal and financial
concerns related to their caregiving responsibilities.

Overall, these findings suggest that ADRD communities serve a
dual role: they are not only a source of practical caregiving advice

4
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Figure 3: Expected topic proportions for the 30 topics identified in TalkingPoint. Each bar represents the proportion of
documents assigned to a given topic, with the top words listed on the right and color-coded by six topic categories. The axis
labels the topic numbers, followed by brief summaries.

but also a space for emotional support. Whether addressing com-
munity engagement, practical care, emotional challenges, or legal
and financial concerns, the discussions reflect the comprehensive
support these platforms provide to caregivers.

5.3 Topic Trends
5.3.1 TIE and Topics. Figure 4 presents the estimated impact of
TIE across various topics. We used estimateEffect [39], which
computes the difference in topic proportions between groups de-
fined by the covariate (TIE/non-TIE), We set the plot method to
differences to assess the effect of document-level binary covari-
ate TIE on topic proportions. To highlight the more notable topics,
we do not show the Others category.

Topic 24 (General Health) has the strongest positive correlation
with TIE, with an estimate of 0.004 and 𝑝 < 0.001. An example post
reads, “My [age] year old [Relative] is still in hospital and according
to the nurse he is doing really badly ... Does anyone else have a
family problem like this? (rephrased)”. Users often seek advice on
health management, which drives engagement. Conversely, Topic
19 (Community Words) shows the strongest negative correlation,
with an estimate of -0.011 and 𝑝 < 0.001. Discussions about general
community matters tend to receive less follow-up from the initiator.

In the positive significant topics, the Practical Care category is
well-represented. Almost all topics in this category, except Topic 2
(Care Facilities) (𝑝 >= 0.05), show a positive correlation with TIE.
This trend implies that practical caregiving discussions, such as
those about safety concerns or caregiver support, are more likely to
prompt the topic initiator to re-engage, possibly due to the direct
and actionable nature of the content discussed.

On the other hand, several topics within the Community En-
gagement category, including Topic 3 (Positive Encouragements),
Topic 6 (Inclusivity News), and Topic 28 (Community Words), are
negatively correlated with TIE. For example, Topic 6 includes posts
such as “I attended the second meeting of the newly formed ‘[Loca-
tion] Leaders Group’, a group that hopes to become the voice of people
with dementia in [Location] and ultimately the voice of people with
dementia in [Location] (rephrased).” These types of announcements
and broader community updates typically do not require or receive
further engagement from the topic initiator.

The Feelings category also includes two negatively correlated
topics: Topic 16 (Family Feelings) and Topic 3 (Emotional Struggles).
Although sharing emotions might be expected to encourage inter-
action, TIE measures post-initial engagement, and users may avoid
further interaction due to emotional exhaustion or the nature of
the emotions expressed.

Appendix A.5 contains a similar analysis inALZConnected, where
comparable positive and negative topic relationships with TIE are
observed, demonstrating the consistency and generalizability of
these findings across different online ADRD communities.

5.3.2 TIE and Number of Comments Trend. Figure 5 illustrates the
trend in comment proportions for topics within the Feelings and
Health Discussions categories. Using continuous in estimateEffect,
we examined the relationship between topic proportions and the
continuous variable (number of other comments).

In Figure 5 (left), all topics within the Feelings category, such as
Topic 16 (Family Feelings) and Topic 3 (Positive Encouragements),
display a consistent increase in their proportion as the number of
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Figure 4: The impact of Topic Initiator Engagement (TIE)
across different topics. The plot shows the estimated effect
of TIE on various topics (***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05).

comments grows. This is particularly notable because, as indicated
in the previous section, the Feelings category was associated with
lower levels of TIE. Nonetheless, the upward trend in the number
of comments suggests that these topics may evoke strong empathy
in the community, potentially encouraging members to participate
and share their experiences even if the topic initiator no longer
continues to participate. This observation demonstrates the com-
passion and support of this community, as users feel compelled
to contribute to these discussions, likely to provide comfort and
emotional support to others.

Figure 5: Trends in comment proportions for topics within
the Feelings and Health Discussions in TalkingPoint.

By contrast, Figure 5 (right) shows the comment trends for topics
within the Health Discussions category. This category exhibits a
clear downward trend in comment engagement as the discussion

progresses, including Topic 9 (Medical Testing), Topic 12 (Dementia
Stage), Topic 24 (General Health) and Topic 29 (Treatment Options),
show decreasing engagement over time. One possible explanation
for this trend is that, while these topics initially attract attention
due to their informative nature, they may tend to be discussed for
shorter periods as users quickly obtain the necessary information
and move on. This shows that health-related discussions, although
critical, do not sustain long-term engagement, as users may be more
focused on acquiring specific knowledge rather than continuing
extended dialogues.

These findings reveal that topics with the most comments do not
always encourage TIE. For instance, while Feelings topics generate
substantial community interaction, they do not typically lead to
ongoing engagement from the topic initiator, likely because they
involve emotional sharing rather than sustained discussion. On the
other hand, Health Discussions, although critical, tend to meet users’
informational needs quickly, resulting in shorter engagement. In
ALZConnected, similar trends were observed (see Appendix A.6),
with subtle differences in the proportionate increase in Feelings
topics and the engagement length for Health Discussions. These
differences reflect variations in community composition and dis-
cussion dynamics across platforms.

Overall, these trends highlight the complexity of participation
in online ADRD communities. Some topics may not encourage
follow-ups from the topic initiator but still generate meaningful
community interactions, reflecting the varied roles users play in
these discussions.

6 Linguistic Analysis of Comments (H4)
6.1 Data Cohort
We selected threads in which the topic initiator did reply to some
comments but not all. This approach allows us to ensure that only
threads in which the initiator is active (with TIE) are included,
thereby controlling for the possibility that some topic initiators may
simply choose not to engage further regardless of comment content.
We focused on the comments made before the first explicit reply
from the topic initiator in each thread. Specifically, we grouped
all comments that did not receive the topic initiator’s reply into a
“negative” group, while the first comment that received a comment
from the topic initiator serves as the “positive” case. This process
enables for a comparison between the comments that receive a reply
from the topic initiator against those that do not. In TalkingPoint,
this process resulted in 23,374 pairs of negative comment group
and positive case. Similarly, in ALZConnected, we obtained 11,868
pairs.

6.2 Feature Selection
To evaluate the linguistic features of comments, we focus on a set of
key metrics that capture a range of aspects of language use. These
include (1) emotional tone [29], (2)syntactic structure [6], (3) senti-
ment, (4) readability [26], and (5) linguistic similarity to the initial
post. We used NRCLex [30] to categorize the emotional content of
each comment into ten primary emotions: fear, anger, anticipation,
trust, surprise, positive, negative, sadness, disgust, and joy. This
helped assess the emotional tone of the comments. Part-of-speech
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tags were generated using NLTK to identify nouns, verbs, adjec-
tives, and adverbs, providing insight into how language complexity
may influence engagement. Sentiment analysis was performed with
VADER, which provided scores for positive, negative, and compound
sentiment. Readability was evaluated using the Flesch Reading Ease
(FRE) and Gunning Fog Index (GFI), which measure how easy or
difficult the text is to read. Finally, we calculated linguistic similarity
between comments and the initial post using cosine similarity based
on Term Frequency-Inverse Document Frequency vectorization,
providing a measure of how closely the comments aligned with the
initial post’s content.

For each thread, the features of negative cases were averaged to
create a single composite feature vector to match the same size as
positive cases.

6.3 Model Training
We built machine learning models to predict whether a comment
would receive a reply from the topic initiator. The selected models
include Logistic Regression (LR), Support Vector Classifier (SVC),
Decision Tree, Gradient Boosting, AdaBoost, Extra Trees, Random
Fores, and XGBoost.To ensure the robustness and validity of our
results, we applied stratified shuffle to split the dataset into ten
pairs of training and testing sets with a ratio of 80 to 20. Hyper-
parameter tuning for each model was performed using five-fold
cross-validation on the training dataset. Table 1 presents the model
performance of Area Under the Receiver Operating Characteristic
Curve (AUC) for both TalkingPoint and ALZConnected. The XG-
Boost model emerged as the best-performing model, achieving the
highest AUC score of 0.85 in the TalkingPoint dataset and 0.87 in
the ALZConnected dataset. The optimal parameters for XGBoost
included a learning rate of 0.1, a maximum depth of 3, and 200 esti-
mators. The consistency of these results across both communities
demonstrates the robustness of the XGBoost model and its ability
to generalize effectively across different datasets. We subsequently
applied XGBoost to the entire dataset to interpret the model and
identify the most important features contributing to the prediction.

Table 1: Model performance summary of AUC for Talking-
Point and ALZConnected.

Model TalkingPoint ALZConnected

XGBoost 0.850 ±0.026 0.867 ±0.014
Gradient Boosting 0.847 ±0.027 0.867 ±0.021
Random Forest 0.842 ±0.025 0.858 ±0.014
Extra Trees 0.837 ±0.024 0.851 ±0.021
AdaBoost 0.830 ±0.021 0.848 ±0.016
Decision Tree 0.793 ±0.026 0.795 ±0.023
LR 0.593 ±0.018 0.601 ±0.012
SVC 0.552 ±0.017 0.567 ±0.011

6.4 Model Interpretation with SHAP
To gain insights into the factors driving our model’s predictions,
we applied SHapley Additive exPlanations (SHAP) [25], a game-
theoretic approach designed to explain both individual and global

predictions made by machine learning models. Figure 6 shows
the SHAP summary plot for the TalkingPoint community, ranking
features by their importance. The x-axis represents SHAP values,
where red (blue) dots indicate high (low) feature values.

Reading Ease (FRE) is the most influential feature, with higher
scores (indicating more complex comments) associated with a
greater likelihood of receiving replies. Similarly, Reading Grade
(GFI) also shows that more difficult-to-read comments are more
likely to get a reply. These findings suggest that comments with
higher linguistic complexity tend to engage the topic initiator more
effectively; The NRC emotional categories, such as Surprise (NRC),
Disgust (NRC), and Joy (NRC), show predominantly blue dots on
the negative SHAP values, indicating that less emotional comments
are less likely to receive replies. This aligns with the Compound
Sentiment (VADER) sentiment score, where higher scores positively
influence the likelihood of receiving a reply. These results suggest
that comments with lower emotional content, whether positive or
negative, are less engaging for the topic initiator; The part-of-speech
(PoS) features, such as Noun Percentage (PoS) and Verb Percentage
(PoS), have a minimal impact on the model’s predictions. This indi-
cates that the syntactic structure of the comments is less relevant
to whether they receive a reply from the topic initiator.

Interestingly, Cosine Similarity, still shows some influence, albeit
weaker than readability and sentiment features. Higher cosine sim-
ilarity values are associated with negative SHAP values, indicating
that comments with content more similar to the initial post are less
likely to receive replies. By contrast, posts with low similarity are
more likely to attract replies from topic initiators.

These findings are consistent with those observed in the ALZ-
Connected community, as detailed in Appendix A.7, allowing us
to confidently conclude that readability and emotional content are
more critical factors in predicting whether a comment will receive
a reply, rather than its linguistic similarity to the initial post.

Figure 6: SHAP values of feature importance in predicting
the likelihood of comment replies.
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7 Discussion and Conclusions
7.1 Primary Findings
This study investigated the dynamics of user engagement in two
large, popular online ADRD communities, TalkingPoint and ALZ-
Connected, by examining four primary hypotheses. Our findings
present a comprehensive understanding of how various factors,
including topic initiator engagement, the content of initial posts,
and the linguistic characteristics of comments, influence interaction
levels within these communities.

Regarding Topic Initiator Engagement (H1), our analysis showed
that threads where topic initiators participated in the following
discussions accumulated significantly more comments compared
with those where topic initiators did not engage in the following
discussions. This result aligns with social presence theory [19],
which suggests that visible, active participation by key individuals
(in our case, topic initiators) within a community can enhance their
presence and thus encourage the participation of others. In this
context, the topic initiator’s engagement can be seen as a catalyst for
increased community activities, highlighting the need to encourage
initiators to be involved in their own threads.

For Commentor Engagement (H2), our findings show that when
commentors received replies from topic initiators, their overall
commenting activities within a community increased. This finding
emphasizes the importance of encouraging reciprocal interactions
in sustaining user engagement over time. It is also supported by
social exchange theory [14], which proposes that positive reinforce-
ment, such as receiving a reply, motivates further participation
within a social context. Moreover, reciprocal interactions are found
to be correlated with positive health-related behavior in an online
breast cancer forum [48]. This highlights the need for community
management strategies that not only encourage posting but also
promote positive reciprocal engagement to maintain an energetic
community environment.

In examining the Content of Initial Posts (H3), our findings show
that the initial post topics significantly impact subsequent com-
menting behaviors. Topics related to practical caregiving, health
discussions, and emotional support are commonly discussed within
threads. Caregivers may share their feelings as a form of release
but are less likely to continue these emotional discussions by re-
plying to others. Conversely, emotional support topics, while less
likely to encourage further engagement from topic initiators, tend
to attract more comments from other users. These findings also
demonstrate the capability of online peer discussions for caregivers
to seek informational or emotional support.

In the analysis of Linguistic Features of Comments (H4), we found
that more complex and emotional comments are more likely to re-
ceive a reply from the topic initiator, while comments that are
linguistically similar to the initial post are less likely to receive such
a reply. While these findings are against communication accom-
modation theories [36], it can be explained that in online health
communities, online users such as informal ADRD caregivers may
pay more attention to the comments that contain more effective in-
formational and emotional support. Such rich content makes these
comments unlikely to be similar to initial posts in both content and
linguistics. This may differentiate online health communities from

other online communities, such as politics, sports or music, where
people focus more on discussing similar topics.

These findings show that topic initiators and commentators can
stimulate each other’s online activities through active engagement,
and particularly, the topic and linguistic choices in their posts.

7.2 Related Works
7.2.1 Online ADRD Caregiving Discussions. Prior studies have
mainly focused on content analyses of online ADRD caregiving
discussions, with the majority focusing on learning the emotional
and informational needs of informal ADRD caregivers and how
online peer support can meet these needs [24, 44, 47]. Also, there
are studies comparing discussions between different online ADRD
caregiving communities [11, 31], different ADRD caregiver kin
relationships [32], and caregivers and non-caregivers [16].

While these studies provided valuable insights into what in-
formal ADRD caregivers discussed, they generally neglected how
online caregiving communities can support active engagement over
time. The dynamics that contribute to maintaining a vibrant and
supportive community are as critical as understanding the top-
ics being discussed. Our study moves beyond content analysis by
considering the factors that are related to a sustainable online com-
munity, offering a more comprehensive understanding of how they
can remain active and supportive over time.

7.2.2 Online Engagement Dynamics. Research on sustaining on-
line communities has mainly focused on factors that influence user
retention and participation, with an emphasis on aspects like user
loyalty, shared interests, the perceived richness of online discus-
sions, and community structures [21, 27, 43, 50].

However, these studies generally examine online engagement
at the community level, without delving into the specific dynamics
of individual discussions. Our study diverges from this perspective
by focusing on the thread level, which represents the smallest or-
ganizational unit within an online community. We uncovered how
discussions between topic initiators and commentors in a topic
thread can be encouraged, which generates rich online collective
knowledge to support informal ADRD caregivers.

7.3 Limitations and Future Works
While this study provides valuable insights, there are several av-
enues for further exploration. First, the analysis is based on data
from two specific ADRD communities, which may limit the general-
izability to other-purpose platforms. Future research could examine
if the interactive patterns hold in different contexts. Additionally,
factors such as demographic data were not considered. Including
these in future observational studies could offer a more complete
understanding of TIE dynamics.

In the meanwhile, the insights gained from the linguistic analysis
of comments could contribute to the development of automated
community management systems. Future research could also ex-
plore AI-driven interventions aimed at fostering community en-
gagement. For instance, algorithms could be designed to identify
posts requiring additional attention, ensuring that users receive
adequate attention and support in these crucial discussions.

8



929

930

931

932

933

934

935

936

937

938

939

940

941

942

943

944

945

946

947

948

949

950

951

952

953

954

955

956

957

958

959

960

961

962

963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

981

982

983

984

985

986

Catalysts of Conversation in Online ADRD Communities The Web Conference 2025, April 28–May 2, 2025, Sydney, Australia

987

988

989

990

991

992

993

994

995

996

997

998

999

1000

1001

1002

1003

1004

1005

1006

1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

1019

1020

1021

1022

1023

1024

1025

1026

1027

1028

1029

1030

1031

1032

1033

1034

1035

1036

1037

1038

1039

1040

1041

1042

1043

1044

References
[1] 2024. ALZConnected - Alzheimer’s Association Support Community. https:

//alzconnected.org/. Accessed: 2024-09-29.
[2] 2024. TalkingPoint - Dementia Talking Point Forum. https://forum.alzheimers.

org.uk/. Accessed: 2024-09-29.
[3] Pavel Bachmann and Jan Hruska. 2022. Alzheimer Caregiving Problems Accord-

ing to ADLs: Evidence from Facebook Support Groups. Int. J. Environ. Res Public
Health 19, 11 (2022), 6423.

[4] Farzaneh Badiei, Tracey Meares, and Tom Tyler. 2020. Community vitality as a
theory of governance for online interaction. Yale JL & Tech. 23 (2020), 15.

[5] Natalie Berry, Fiona Lobban, Maksim Belousov, et al. 2017. # WhyWeTweetMH:
understandingwhy people use Twitter to discussmental health problems. Journal
of medical Internet research 19, 4 (2017), e107.

[6] Eric Brill. 1992. A simple rule-based part of speech tagger. In Speech and Natural
Language: Proceedings of a Workshop Held at Harriman, New York, February 23-26,
1992.

[7] Henry Brodaty and Marika Donkin. 2009. Family caregivers of people with
dementia. Dialogues Clin Neurosci 11, 2 (2009), 217.

[8] Marco Caliendo and Sabine Kopeinig. 2008. Some practical guidance for the
implementation of propensity score matching. Journal of economic surveys 22, 1
(2008), 31–72.

[9] Centers for Disease Control and Prevention. 2019. Caregiving for Person with
Alzheimer’s Disease or a Related Dementia. https://www.cdc.gov/aging/
caregiving/alzheimer.htm Last Reviewed.

[10] Qiang Chen, Chen Min, Wei Zhang, et al. 2021. Factors driving citizen engage-
ment with government TikTok accounts during the COVID-19 pandemic: Model
development and analysis. Journal of medical internet research 23, 2 (2021),
e21463.

[11] Kerou Cheng and Zhijun Yin. 2022. “Please Advise”: Understanding the Needs of
Informal Caregivers of People with Alzheimer’s Disease and Related Dementia
from Online Communities Through a Structured Topic Modeling Approach.
AMIA Summits on Translational Science Proceedings 2022 (2022), 149.

[12] Howard Chertkow, Howard H Feldman, et al. 2013. Definitions of dementia and
predementia states in Alzheimer’s disease and vascular cognitive impairment:
consensus from the Canadian conference on diagnosis of dementia. Alzheimers
Res Ther 5, 1 (2013), 1–8.

[13] G B D 2019 Dementia Forecasting Collaborators and Others. 2022. Estimation of
the global prevalence of dementia in 2019 and forecasted prevalence in 2050: an
analysis for the Global Burden of Disease Study 2019. Lancet Digit Health 7, 2
(2022), e105.

[14] Russell Cropanzano, Erica L Anthony, Shanna R Daniels, et al. 2017. Social
exchange theory: A critical review with theoretical remedies. Academy of man-
agement annals 11, 1 (2017), 479–516.

[15] Tiago Cunha, David Jurgens, Chenhao Tan, and Daniel Romero. 2019. Are
all successful communities alike? Characterizing and predicting the success of
online communities. In The world wide web conference. 318–328.

[16] Warren James Donnellan and Jasmine Grace Warren. 2022. Emotional word use
in informal carers of people living with dementia: linguistic analysis of online
discussion forums. JMIR aging 5, 2 (2022), e32603.

[17] Alexandros Efstratiou. 2024. Deliberate Exposure to Opposing Views and its
Association with Behavior and Rewards on Political Communities. In Proceedings
of the ACM on Web Conference 2024. 2347–2358.

[18] Nicole Garcia, Anna Papazyan, Sarah Choi, et al. 2021. Caregiving Between
Spouse and Adult Child Caregivers of Older Adults with Cognitive Impairment.
Innov Aging 5, Supplement_1 (2021), 791–792.

[19] Charlotte N Gunawardena. 1995. Social presence theory and implications for
interaction and collaborative learning in computer conferences. International
journal of educational telecommunications 1, 2 (1995), 147–166.

[20] Clayton Hutto and Eric Gilbert. 2014. Vader: A parsimonious rule-based model
for sentiment analysis of social media text. In Proceedings of the international
AAAI conference on web and social media, Vol. 8. 216–225.

[21] Alicia Iriberri and Gondy Leroy. 2009. A life-cycle perspective on online com-
munity success. CSUR 41, 2 (2009), 1–29.

[22] Vivek Kumar and Arpita Srivastava. 2022. Trends in the thematic landscape of
corporate social responsibility research: A structural topic modeling approach.
Journal of Business Research 150 (2022), 26–37.

[23] Magdalena Leszko. 2020. The role of online communication among spousal
caregivers of individuals with Alzheimer’s disease. J Women Aging 32, 4 (2020),
462–480.

[24] Morgan Longstreth, Christine McKibbin, Bernard Steinman, et al. 2022. Explor-
ing information and referral needs of individuals with dementias and informal
caregivers in rural and remote areas. Clinical Gerontologist 45, 4 (2022), 808–820.

[25] Scott Lundberg. 2017. A unified approach to interpreting model predictions.
arXiv preprint arXiv:1705.07874 (2017).

[26] Stephen L Mailloux, Mark E Johnson, Dennis G Fisher, et al. 1995. How reliable
is computerized assessment of readability? Computers in nursing 13 (1995),
221–221.

[27] Sanna Malinen. 2015. Understanding user participation in online communities: A
systematic literature review of empirical studies. Computers in human behavior
46 (2015), 228–238.

[28] Carlene Souza Silva Manzini and Francisco Assis Carvalho Do Vale. 2020. Emo-
tional disorders evidenced by family caregivers of older people with Alzheimer’s
disease. Dement Neuropsychol 14, 1 (jan 2020), 56–61.

[29] Saif Mohammad and Peter Turney. 2010. Emotions evoked by common words
and phrases: Using mechanical turk to create an emotion lexicon. In Proceedings
of the NAACL HLT 2010 workshop on computational approaches to analysis and
generation of emotion in text. 26–34.

[30] Saif M Mohammad and Peter D Turney. 2013. Crowdsourcing a word–emotion
association lexicon. Computational intelligence 29, 3 (2013), 436–465.

[31] Congning Ni, Bradley Malin, Lijun Song, et al. 2022. “Rough day. . . need a
hug”: learning challenges and experiences of the Alzheimer’s disease and related
dementia caregivers on Reddit. In Proceedings of the ICWSM, Vol. 16. 711–722.

[32] Congning Ni, Qingyuan Song, Bradley Malin, et al. 2023. Examining Online Be-
haviors of Adult-Child and Spousal Caregivers for People Living With Alzheimer
Disease or Related Dementias: Comparative Study in an OpenOnline Community.
JMIR 25 (2023), e48193.

[33] Congning Ni, Zhiyu Wan, Chao Yan, Yongtai Liu, Ellen Wright Clayton, Bradley
Malin, and Zhijun Yin. 2022. The Public perception of the# GeneEditedBabies
event across multiple social media platforms: observational study. Journal of
Medical Internet Research 24, 3 (2022), e31687.

[34] George Onofrei, Raffaele Filieri, and Lorraine Kennedy. 2022. Social media
interactions, purchase intention, and behavioural engagement: The mediating
role of source and content factors. Journal of Business Research 142 (2022),
100–112.

[35] Marta E Pagán-Ortiz, Dharma E Cortés, Noelle Rudloff, et al. 2014. Use of an
online community to provide support to caregivers of people with dementia.
Journal of gerontological social work 57, 6-7 (2014), 694–709.

[36] Wenjing Pan, Bo Feng, and Cuihua Shen. 2020. Examining social capital, social
support, and language use in an online depression forum: social network and
content analysis. Journal of medical Internet research 22, 6 (2020), e17365.

[37] Steven Ramondt, Peter Kerkhof, and Eva-Maria Merz. 2022. Blood donation
narratives on social media: a topic modeling study. Transfusion medicine reviews
36, 1 (2022), 58–65.

[38] Margaret E Roberts, Brandon M Stewart, and Dustin Tingley. 2019. Stm: An
R package for structural topic models. Journal of statistical software 91 (2019),
1–40.

[39] Margaret E Roberts, Brandon M Stewart, Dustin Tingley, and Edoardo M Airoldi.
2019. Structural Topic Models for Social Science. https://www.rdocumentation.
org/packages/stm/versions/1.3.7/topics/estimateEffect R package version 1.3.7.

[40] Zara Sajwani. 2020. Challenges of caregivers of patients with Alzheimer’s disease.
Innov Aging 4, Suppl 1 (2020), 149.

[41] Tamara L Statz, Colleen M Peterson, et al. 2021. “We moved her too soon”:
Navigating guilt among adult child and spousal caregivers of persons living
with dementia following a move into residential long-term care. Couple Family
Psychol 11, 4 (2021).

[42] Elizabeth A Stuart. 2010. Matching methods for causal inference: A review and a
look forward. Statistical science: a review journal of the Institute of Mathematical
Statistics 25, 1 (2010), 1.

[43] Yunchuan Sun, Houbing Song, Antonio J Jara, and Rongfang Bie. 2016. Internet
of things and big data analytics for smart and connected communities. IEEE
access 4 (2016), 766–773.

[44] YOON Sunmoo, Peter Broadwell, Carmela Alcantara, et al. 2022. Analyzing
topics and sentiments from Twitter to gain insights to refine interventions for
family caregivers of persons with Alzheimer’s disease and related dementias
(ADRD) during COVID-19 pandemic. Studies in health technology and informatics
289 (2022), 170.

[45] Nozomi Takeshima, Takashi Sozu, Aran Tajika, Yusuke Ogawa, Yu Hayasaka,
and Toshiaki A Furukawa. 2014. Which is more generalizable, powerful and
interpretable in meta-analyses, mean difference or standardized mean difference?
BMC medical research methodology 14 (2014), 1–7.

[46] David A. Wilkerson, Erin Brady, Eun Hye Yi, and Daniel Robert Bateman. 2018.
Friendsourcing Peer Support for Alzheimer’s Caregivers Using Facebook Social
Media. J Technol Hum Serv 36, 2-3 (jul 2018), 105–124. https://doi.org/10.1080/
15228835.2018.1449709

[47] Heather J Williamson, Andria B Begay, Dorothy J Dunn, et al. 2022. “We Live on
an Island”: Perspectives on Rural Family Caregivers for Adults with Alzheimer’s
Disease and Related Dementias in the United States. Qualitative report (Online)
27, 10 (2022), 2343.

[48] Zhijun Yin, Lijun Song, and Bradley Malin. 2017. Reciprocity and its association
with treatment adherence in an online breast cancer forum. In 2017 IEEE 30th
International Symposium on Computer-Based Medical Systems (CBMS). IEEE, 618–
623.

[49] Weizhong Zhao, James J Chen, Roger Perkins, Zhichao Liu, Weigong Ge, Yijun
Ding, and Wen Zou. 2015. A heuristic approach to determine an appropriate
number of topics in topic modeling. In BMC bioinformatics, Vol. 16. Springer,

9

https://alzconnected.org/
https://alzconnected.org/
https://forum.alzheimers.org.uk/
https://forum.alzheimers.org.uk/
https://www.cdc.gov/aging/caregiving/alzheimer.htm
https://www.cdc.gov/aging/caregiving/alzheimer.htm
https://www.rdocumentation.org/packages/stm/versions/1.3.7/topics/estimateEffect
https://www.rdocumentation.org/packages/stm/versions/1.3.7/topics/estimateEffect
https://doi.org/10.1080/15228835.2018.1449709
https://doi.org/10.1080/15228835.2018.1449709


1045

1046

1047

1048

1049

1050

1051

1052

1053

1054

1055

1056

1057

1058

1059

1060

1061

1062

1063

1064

1065

1066

1067

1068

1069

1070

1071

1072

1073

1074

1075

1076

1077

1078

1079

1080

1081

1082

1083

1084

1085

1086

1087

1088

1089

1090

1091

1092

1093

1094

1095

1096

1097

1098

1099

1100

1101

1102

The Web Conference 2025, April 28–May 2, 2025, Sydney, Australia Anon. Submission Id: 2383

1103

1104

1105

1106

1107

1108

1109

1110

1111

1112

1113

1114

1115

1116

1117

1118

1119

1120

1121

1122

1123

1124

1125

1126

1127

1128

1129

1130

1131

1132

1133

1134

1135

1136

1137

1138

1139

1140

1141

1142

1143

1144

1145

1146

1147

1148

1149

1150

1151

1152

1153

1154

1155

1156

1157

1158

1159

1160

1–10.
[50] Yuehua Zhao, Jingwei Da, and Jiaqi Yan. 2021. Detecting health misinformation

in online health communities: Incorporating behavioral features into machine
learning based approaches. Information Processing & Management 58, 1 (2021),
102390.

A Appendices
A.1 Standardized Mean Difference (SMD) for

Covariates in H1
Propensity score matching (PSM) was employed in this study for
H1 to balance the covariates between the TIE and non-TIE groups,
ensuring that any observed differences in engagement are attrib-
utable to the engagement itself rather than underlying differences
between the groups. One method to assess the effectiveness of
PSM is through the standardized mean difference (SMD), which
measures the difference in covariates between the two groups on
a standardized scale. SMD values below 0.20–0.25 [42] are gen-
erally considered indicative of good covariate balance, meaning
that the matched groups are comparable in terms of their baseline
characteristics.

Table 2 presents the SMD values for the key covariates in both
TalkingPoint and ALZConnected after matching. The results show
that all covariates have SMD values well below 0.05 in both com-
munities, indicating that the matching process was successful in
achieving covariate balance.

Table 2: Standardized Mean Differences (SMD) for covari-
ates in TalkingPoint and ALZConnected. Note that the least
frequent topic (Topic #02 in TalkingPoint and Topic #04 in
ALZConnected) was excluded from PSM.

Covariate TalkingPoint ALZConnected

Previous Activity 0.013 0.004
Initial Post Length 0.001 0.019
Sentiment Comp. 0.000 0.010
Sentiment Pos. 0.014 0.014
Sentiment Neg. 0.007 0.008
Topic #01 0.001 0.008
Topic #02 - 0.002
Topic #03 0.011 0.002
Topic #04 0.008 -
Topic #05 0.009 0.023
Topic #06 0.003 0.006
Topic #07 0.000 0.001
Topic #08 0.003 0.012
Topic #09 0.013 0.001
Topic #10 0.004 0.001
Topic #11 0.007 0.020

A.2 Commentor Engagement in ALZConnected
Figure 7 presents the log-scaled average number of comments per
day after receiving the first TIE, comparing the TIE and Non-TIE
groups across different time windows. While some shorter time
windows, such as the 20-day window, show no significant difference
between the two groups (mean of 0.67 for the TIE group and 1.20

for the Non-TIE group, with a negative statistic -2.15), the pattern
becomes more aligned with the results observed in TalkingPoint as
the time window extends. For instance, by the 100-day window, the
TIE group demonstrates a higher mean of 0.42 (median: 0.13, 𝐼𝑄𝑅:
0.04–0.42) compared to the Non-TIE group, which drops to a mean
of 0.32 (median: 0.08, 𝐼𝑄𝑅: 0.02–0.33). This suggests that while some
short-termwindows do not show a significant difference, the overall
trend in longer time windows indicates sustained engagement for
the TIE group, similar to the pattern seen in TalkingPoint.

Figure 7: Log-scaled average number of comments per day af-
ter TIE inALZConnected. Green represents the TIE group, and
orange represents the Non-TIE group. Wilcoxon rank-sum
statistics are provided below each window, with significance
levels indicated (***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05).

A.3 Standardized Mean Difference (SMD) for
Covariates in H2

Table 3 shows the Standardized Mean Differences (SMD) for various
covariates across different Time Windows for both the TalkingPoint
and ALZConnected platforms. The𝑊𝑖𝑛𝑑𝑜𝑤 = 𝑋 refers to the spe-
cific time window (e.g., X=30, 60, 90, etc.), indicating the number
of days or periods being analyzed. Features like Sentiment Pos. and
Sentiment Neg. represent the positive and negative sentiment of
the posts, while Abs. Time captures the absolute time since the
community creation. MAD stands for Mean Absolute Deviation,
reflecting the variability in the number of posts, and Freq. 𝑃_𝑏𝑒 𝑓 𝑜𝑟𝑒
refers to the frequency of comments posted before a reference time
point. Since the topic proportions must sum to 1 across all topics,
including all topics could introduce redundancy and potential mul-
ticollinearity in the model, as each topic’s proportion is inherently
dependent on the others. To avoid this issue, we removed the lowest
proportion topic from each community, as it contributed minimally
to the overall topic distribution and would not provide significant
additional variance for analysis. Specifically, Topic #5 was removed

10
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from TalkingPoint and Topic #14 from ALZConnected. This ensures
that the remaining topic proportions provide meaningful variance
without introducing unnecessary dependencies in the model, thus
enhancing the robustness of the feature set.

In general, the SMD values across most covariates are below 0.2,
which indicates strong balance between the groups. For instance,
features such asComments Length and Sentiment Comp. consistently
show low SMD values across all windows, demonstrating a stable
match between groups. Similarly, MAD values mostly stay below
the threshold, although in the ALZConnected platform, MAD for
𝑊𝑖𝑛𝑑𝑜𝑤 = 60 is slightly larger than 0.2 (0.217), which suggests a
modest imbalance in post variability during this time period.

A few other features demonstrate relatively larger imbalances,
but still all below 0.25 [17]. For example, in the TalkingPoint plat-
form, Topic #14 shows an elevated SMD value in the𝑊𝑖𝑛𝑑𝑜𝑤 = 60
(0.182), and Topic #03 also displays higher differences in longer win-
dows, such as𝑊𝑖𝑛𝑑𝑜𝑤 = 150 (0.172) and𝑊𝑖𝑛𝑑𝑜𝑤 = 180 (0.242).
On the ALZConnected platform, Topic #01 exhibits slightly higher
SMDs, especially in the longer time windows like𝑊𝑖𝑛𝑑𝑜𝑤 = 180,
where it reaches 0.216.

Despite these larger imbalances in a few features, the majority of
covariates exhibit low SMD values, reinforcing the overall balance
and comparability of the matched groups. This balance ensures the
robustness of the results across different time windows.

A.4 Generated Topics in ALZConnected
The STM generated 30 distinct topics for the ALZConnected com-
munity, which are visually represented in Figure 8. The distribu-
tion of these topics closely mirrors the patterns observed in the
TalkingPoint community, highlighting the consistency of caregiver
discussions across different platforms.

Each topic reflects a unique theme within the broader discourse
of Alzheimer’s Disease and Related Dementias (ADRD). These
themes range from practical caregiving advice, emotional support,
and health discussions to legal and financial concerns, all of which
are crucial areas of interest for caregivers navigating the challenges
of ADRD.

The bar chart illustrates the proportion of discussions dedicated
to each topic, providing insights into the dominant areas of focus in
the ALZConnected community. For example, topics related to prac-
tical care, such as Community Engagement and Feelings, continue to
be prevalent, similar to what we observed in TalkingPoint. Likewise,
Health Discussions topics, including Diagnosis Progress and Patient
Symptoms, account for a significant portion of the community’s
interactions.

A.5 TIE with Topic Relationships in
ALZConnected

Figure 9 presents a detailed visualization of the impact of Topic Ini-
tiator Engagement (TIE) on various topics within the ALZConnected
community.

The topics with positive impacts (orange) show a strong associa-
tion with increased TIE. Practical caregiving discussions, such as
Drug Dosage, Hospital Surgery, and Cleaning Challenges, are highly
correlated with topic initiator re-engagement. In contrast, the topics
with negative impacts (blue) show that certain emotionally driven

Figure 8: Distribution of expected topic proportions for the
30 identified topics in the ALZConnected community.

or community-focused topics tend to result in less engagement from
topic initiators. Discussions such as Faith and Belief, Heartfelt Grief,
and Community Wording exhibit lower levels of re-engagement.

These pattern of engagement is consistent with what we ob-
served in the TalkingPoint community, reinforcing the conclusion
that practical caregiving discussions are more likely to associate
with ongoing re-engagement.

A.6 TIE with Number of Comments in
ALZConnected

Figure 10 displays the trends in the proportion of comments for
topics within the Feelings and Health Discussions categories. This
figure offers a comparative view of how these discussions evolve
as the number of comments increases. Unlike the clear distinctions
observed in the TalkingPoint community, the trends in ALZCon-
nected are more muted, particularly within the Feelings category,
suggesting differences in community dynamics between these plat-
forms.

In the Feelings category (upper panel), topics such as Seeking
Understanding and Heartfelt Grief show a gradual increase in en-
gagement as the number of comments grows. However, the upward
trend is less pronounced compared to TalkingPoint, indicating that
while these topics resonate with community members, they may
not provoke as sustained a response. Similarly, in the Health Dis-
cussions category (lower panel), topics like Drug Dosage, Hospital
Surgery, and Diagnosis Progress show steady trends as comment
volume increases. Although these health-related discussions are
crucial to the community, their engagement pattern in ALZCon-
nected appears less dynamic than in TalkingPoint, where such topics
see more significant fluctuations over time.
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Table 3: Standardized Mean Differences (SMD) across Time Windows for TalkingPoint and ALZConnected. Note that the least
frequent topic (Topic #05 in TalkingPoint and Topic #14 in ALZConnected) was excluded from PSM.

Feature 𝑊𝑖𝑛𝑑𝑜𝑤 = 30 𝑊𝑖𝑛𝑑𝑜𝑤 = 60 𝑊𝑖𝑛𝑑𝑜𝑤 = 90 𝑊𝑖𝑛𝑑𝑜𝑤 = 120 𝑊𝑖𝑛𝑑𝑜𝑤 = 150 𝑊𝑖𝑛𝑑𝑜𝑤 = 180

TalkingPoint

Comments Length 0.122 0.077 0.064 0.062 0.115 0.075
Sentiment Pos. 0.043 0.052 0.059 0.065 0.073 0.033
Sentiment Neg. 0.023 0.085 0.119 0.112 0.127 0.175
Sentiment Comp. 0.043 0.021 0.047 0.069 0.068 0.103
Abs. Time 0.054 0.026 0.022 0.064 0.025 0.064
Topic #01 0.100 0.128 0.126 0.131 0.165 0.188
Topic #02 0.148 0.001 0.026 0.000 0.030 0.050
Topic #03 0.066 0.090 0.149 0.170 0.172 0.242
Topic #04 0.037 0.061 0.077 0.096 0.011 0.033
Topic #06 0.022 0.005 0.035 0.038 0.016 0.046
Topic #07 0.066 0.048 0.034 0.012 0.049 0.051
Topic #08 0.083 0.073 0.057 0.065 0.058 0.061
Topic #09 0.024 0.011 0.015 0.023 0.025 0.047
Topic #10 0.065 0.023 0.002 0.071 0.051 0.087
Topic #11 0.034 0.043 0.025 0.003 0.012 0.011
Topic #12 0.027 0.032 0.019 0.010 0.059 0.049
Topic #13 0.031 0.052 0.042 0.108 0.051 0.105
Topic #14 0.064 0.182 0.153 0.092 0.095 0.041
Topic #15 0.035 0.024 0.029 0.003 0.001 0.025
Freq. 𝑃𝑏𝑒𝑓 𝑜𝑟𝑒 0.103 0.057 0.061 0.065 0.069 0.090
MAD 0.107 0.095 0.066 0.051 0.047 0.043

ALZConnected

Comments Length 0.043 0.008 0.013 0.103 0.023 0.072
Sentiment Pos. 0.102 0.112 0.055 0.068 0.005 0.021
Sentiment Neg. 0.070 0.070 0.109 0.096 0.128 0.165
Sentiment Comp. 0.042 0.092 0.082 0.049 0.082 0.058
Abs. Time 0.026 0.110 0.071 0.068 0.130 0.128
Topic #01 0.091 0.120 0.128 0.180 0.177 0.216
Topic #02 0.037 0.007 0.059 0.048 0.018 0.012
Topic #03 0.002 0.023 0.034 0.057 0.064 0.037
Topic #04 0.004 0.011 0.023 0.054 0.032 0.022
Topic #05 0.062 0.054 0.097 0.064 0.098 0.111
Topic #06 0.037 0.064 0.048 0.004 0.044 0.024
Topic #07 0.143 0.048 0.060 0.011 0.001 0.003
Topic #08 0.102 0.059 0.031 0.041 0.020 0.038
Topic #09 0.041 0.053 0.058 0.090 0.066 0.067
Topic #10 0.022 0.031 0.023 0.034 0.013 0.005
Topic #11 0.187 0.154 0.114 0.083 0.105 0.143
Topic #12 0.079 0.053 0.042 0.097 0.053 0.056
Topic #13 0.098 0.089 0.106 0.142 0.123 0.164
Topic #15 0.032 0.048 0.034 0.019 0.003 0.042
Freq. 𝑃𝑏𝑒𝑓 𝑜𝑟𝑒 0.139 0.084 0.066 0.054 0.048 0.033
MAD 0.066 0.217 0.023 0.188 0.079 0.126

A.7 SHAP Summary in ALZConnected
Figure 11 presents the SHAP summary plot for the ALZConnected.
The plot reveals similar trends to those observed in TalkingPoint,

with linguistic complexity and emotional tone being crucial factors
in predicting engagement.
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Figure 11: Analysis of SHAP values to determine the feature
importance in predicting the likelihood of receiving a reply
within ALZConnected.

Figure 9: Visualization of the TIE impact on various topics
within ALZConnected. The plot shows each topic’s sensitivity
to TIE (***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05).

Figure 10: Comparative trends of comment frequencies over
time in the Feelings and Health Discussions categories within
ALZConnected. Each line represents a topic, with trends show-
ing how discussion frequency changes with the number of
other comments in the forum.
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