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CHAPTER 1

Introduction

1.1 Background and Motivation

Dementia is a clinical syndrome characterized by progressive impairment in memory, thinking, and social

abilities severe enough to affect daily functioning (Chertkow et al., 2013). Alzheimer's disease, the most com-

mon form of dementia, currently affects approximately 6.7 million Americans aged 65 or older (Alzheimer's

Association, 2024). Due to limited effective treatments, around 80% of Alzheimer's disease and related de-

mentias (ADRD) patients receive home-based care, primarily provided by informal caregivers such as family

members and friends (Cummings et al., 2024). Informal caregivers shoulder signi�cant physical, emotional,

and �nancial burdens, making them recognized asinvisible second patients(Brodaty and Donkin, 2009;

Manzini and Do Vale, 2020; Sajwani, 2020). This burden intensi�ed during the COVID-19 pandemic, further

exacerbating caregiving challenges (Lo et al., 2020).

To effectively support ADRD patients and their informal caregivers, it is vital for healthcare practition-

ers and researchers to accuratelyunderstand caregivers' challenges and needs(Wennberg et al., 2015).

Traditional research approaches, including surveys and structured interviews, provide valuable insights but

are inherently limited by response bias and prede�ned scopes, resulting in incomplete portrayals of caregiver

experiences (Gibson et al., 2018; Elston, 2021). Additionally, concerns about privacy and social stigma often

restrict caregivers from fully disclosing their experiences through conventional face-to-face support systems

(Rose et al., 2021; Max�eld and Greenberg, 2020).

Consequently, ADRD caregiversincreasingly seek emotional and informational support through on-

line social media and specialized online health communities, such as Reddit, Twitter, Facebook, and ALZ-

Connected (Berry et al., 2017; Pagán-Ortiz et al., 2014; Du et al., 2020; Wilkerson et al., 2018). Online

platforms offer substantial bene�ts, including reducing depressive symptoms and providing �exible and ac-

cessible support (Wilkerson et al., 2018; Bachmann and Hruska, 2022). However, previous studies largely

focused on singular platforms or communities, limiting comprehensive understanding across diverse online

environments (Wang et al., 2021a). A systematic examination ofmultiple platforms is therefore essential to

capture a complete picture of where caregivers communicate and the topics they discuss.

Research highlightsnotable differences in caregiving experiences based on caregivers' relationship

roles, such as adult children versus spouses, impacting their emotional wellbeing, informational needs, and

community engagement (Statz et al., 2021; Garcia et al., 2021). While professional interventions and of�ine
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peer support have proven bene�cial, their reach and scalability remain constrained by resource limitations

(Shi et al., 2020; Sanders et al., 2008; Woods et al., 2016). In contrast, online communities provide scal-

able, location-independent peer support, facilitating timely and diverse interactions among caregivers (Ken-

net et al., 2000; Benson et al., 2020). Nevertheless, the diversity of caregiver roles and the lack of structured

differentiation within online forums present challenges in customizing effective support strategies (Ni et al.,

2022a). Developing machine learning techniques to accuratelyidentify caregiver roles from online posts is

crucial for targeted support and service provision.

Furthermore,understanding caregivers' emotional states through sentiment analysis can illuminate

the effectiveness of online emotional support(Sun et al., 2019). Traditional of�ine studies on caregivers'

emotional wellbeing and interventions are resource-intensive and potentially biased (Lancashire et al., 2023;

Cheng et al., 2020; Orth et al., 2023). Online environments offer a complementary means to study sentiment

dynamics through large-scale data analysis, providing deeper insights into caregivers' emotional trajectories.

Also, sustaining active engagement in online ADRD caregiving communities is vital for their long-

term effectiveness(Badiei et al., 2020). Prior research underscores the importance of mutual support, en-

gagement depth, and sustained interactions (Wilkerson et al., 2018; Leszko, 2020). However, limited research

addresses actionable insights at the individual interaction level within these communities (Cunha et al., 2019;

Chen et al., 2021; Onofrei et al., 2022). Detailed understanding of interaction dynamics can inform strategies

to foster meaningful exchanges between caregivers, ensuring these online communities continue to serve as

essential support infrastructures.

Lastly,emerging large language models (LLMs) such as ChatGPT introduce novel opportunities for

providing scalable, context-aware caregiving support(Zou et al., 2024; Chin et al., 2023). These AI tools

promise consistent informational accuracy and emotional alignment but raise concerns regarding trustwor-

thiness and integration within human-centric caregiving interactions. Clarifying how AI-generated support

compares and integrates with human-generated support is thus imperative for maximizing its bene�cial im-

pact within online caregiving ecosystems.

1.2 Research Objectives

The primary goal of this research is to explore and analyze online caregiving communities to support infor-

mal caregivers of ADRD. The research is structured around�ve key aims that address various aspects of

caregiving interactions and experiences within these online communities.

Aim 1: Content Classi�cation. To Extract relevant caregiving-related posts, ensuring the data accu-

rately represents discussions within ADRD caregiving.

Aim 2: Character Differentiation. To analyze behavioral differences between adult children and
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spousal caregivers, understanding their engagement patterns and sentiments.

Aim 3: Sentiment Analysis. To investigate changes in caregivers' emotions over time, tracking how

different caregiving roles in�uence their sentiment trajectories.

Aim 4: Interactive Dynamics. To explore how caregivers exchange support and interact within discus-

sion threads, focusing on the dynamics of thread-level interactions.

Aim 5: Contextual AI Support. To assess the effectiveness of customized AI models in providing emo-

tional and informational support to caregivers.

The overall structure of the research aims is visually represented in the pipeline diagram shown in Figure

1.1. These �ve aims provide a comprehensive framework for understanding the multi-faceted experiences of

ADRD caregivers within online communities. The �ndings will inform the development of tools and inter-

ventions aimed at improving caregiver well-being and enhancing the overall quality of caregiving support.

Figure 1.1: Pipeline of Research Aims, Study Components, and Data Sources in ADRD Caregiver Research.
The color-coded sections represent different data sources and study components.
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CHAPTER 2

Literature Review

2.1 Online Support for Caregivers

Online communities have become an essential resource for caregivers, providing a �exible platform for ex-

changing emotional and informational support. Many caregivers face signi�cant barriers when attempting

to access traditional, in-person interventions, which makes online platforms a valuable alternative (Friedman

et al., 2018). These platforms facilitate a wide range of supportive interactions, from emotional expression

(Fuentes et al., 2013) to practical caregiving advice (Tixier and Lewkowicz, 2016), generating a sense of

community among caregivers who would otherwise be isolated.

Caregivers' emotional burden is a recurring theme in online communities. Caregivers frequently report

emotional frustration and interpersonal strain when discussing their experiences online (Ferrell et al., 2019).

This emotional support is critical, as it enables caregivers to navigate the psychological challenges of caregiv-

ing (Ploeg et al., 2017), often without formal mental health resources(Kauer et al., 2014). The emotional toll

of caregiving is also compounded by logistical issues, such as balancing care responsibilities with work and

other obligations (Duxbury and Higgins, 2017; Lopez-Anuarbe and Kohli, 2019). Online platforms offer a

space where caregivers can share these struggles and receive validation and advice from peers facing similar

challenges (Shoults et al., 2023).

Another key advantage of online communities is the ability to connect caregivers who have similar ex-

periences. “Caregivers form mutually supportive relationships with peers who share their caregiving role,”

which signi�cantly enhances the quality of support received (Levonian et al., 2021). The online platforms

enable caregivers to build relationships based on shared understanding and empathy, which traditional sup-

port systems often fail to provide. Research shows that these connections are more likely to �ourish when

caregivers share similar roles and experiences, leading to more engaged and sustained participation in the

community (Young et al., 2013).

In addition to emotional support, online communities serve as an important source of practical caregiving

information. Studies (Sztramko et al., 2021; Seale et al., 2022) show that online platforms are particularly

valuable for caregivers who struggle to access culturally or linguistically appropriate information (O'Mara,

2014) through traditional means. Bilingual and culturally tailored online resources have been shown to

increase caregivers' sense of mastery and reduce depressive symptoms (Pagán-Ortiz et al., 2014). Online

platforms provide these caregivers with a much-needed resource for navigating the complexities of caregiving
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in a culturally relevant context.

Despite their many bene�ts, online support communities are not without limitations. While these plat-

forms reach caregivers with high caregiving demands, those with less access to technology or those who are

more isolated may still struggle to bene�t (Friedman et al., 2018). This suggests that while online platforms

are a promising tool for caregiver support, we must continue to examining the online communities sources

for caring, to ensure accessibility and inclusivity for all caregivers.

2.2 Content Identi�cation in Health-Related Online Communities

Distinguishing relevant content is akin to identifying thewhat before any deeper analysis of the caregiv-

ing experience, ensuring that the subsequent analysis is focused and meaningful. Content identi�cation in

health-related online communities is the �rst step toward understanding the dynamics and needs of caregivers

(Shoults et al., 2023).

Previous studies have employed a range of methods to detect and categorize relevant content in health-

related online communities. Techniques like clustering, topic modeling, and sentiment analysis have been

widely used to process large volumes of unstructured data. For instance, Lu et al. (2013) and Lu et al.

(2017) used text mining and clustering techniques to identify hot topics and stakeholder-speci�c concerns

in forums for diseases like lung cancer, breast cancer, and diabetes. Similarly, text classi�cation models

were developed to detect clinically relevant information in online discussions (VanDam et al., 2017), while

behavioral features were incorporated alongside linguistic features to detect health misinformation (Zhao

et al., 2021a). These methods have proven effective in categorizing content and detecting signi�cant topics

in various health-related discussions.

However, these approaches have limitations, for none of which previous works pay attention particularly

to caregiving for patients with ADRD. Moreover, most studies rely on single-layer content detection tech-

niques, such as clustering or topic modeling then with a classi�cation, without integrating multiple layers

of analysis to ensure the accuracy of content identi�cation. This can lead to the mis-classi�cation of posts

or overlook nuanced discussions speci�c to caregiving scenarios. Another limitation is the lack of a stan-

dardized, gold-standard dataset for evaluating the performance of these content detection models. As in the

domain of rumor detection and fake reviews, the absence of such datasets signi�cantly impacts the evaluation

and bench-marking of content identi�cation methods (Rout et al., 2017).

Thus, while previous work has advanced our ability to detect relevant health-related content, the unique

challenges of ADRD caregiving communities, particularly the need for multi-layer content veri�cation and

the absence of gold-standard datasets, remain unaddressed. Our study aims to �ll these gaps by employing

a multi-layered detection approach speci�cally tailored to the needs of ADRD caregivers, ensuring a more
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robust and accurate identi�cation of relevant discussions (Aim1).

2.3 Caregiver Character Differentiation

Understandingwho the caregivers are is important for understanding caregivers' needs and provide more

speci�c support. Informal caregivers, like family members or friends who provide unpaid care, constitute a

signi�cant portion of the caregiving population. In 2020, there were more than 53 million informal caregivers

in the United States, and this number is projected to grow as the population ages (Choi et al., 2021).

Within informal caregiving, there are several distinct roles or characters of caregivers, including spousal

caregivers, adult children, relatives, friends etc (Roth et al., 2015). Each group faces unique challenges de-

pending on their relationship with the care recipient. Spousal caregivers typically take on full-time caregiving

roles and report high levels of emotional and physical burden. The proximity to the care recipient's ongoing

decline often results in feelings of isolation and health risks for the caregiver themselves (Oldenkamp et al.,

2016). These caregivers are more likely to seek emotional support to manage the psychological stress of

watching their partner's condition worsen (Li et al., 2021). On the other hand, adult children caregivers tend

to be younger and are often balancing their caregiving duties with work and their own families. This leads to

different sources of stress, primarily related to time management and juggling multiple roles (Malhotra et al.,

2012). Adult children are more inclined to seek practical caregiving advice and information, using online

platforms for logistical support (Zhao et al., 2014).

The differentiation of caregiving roles is not merely a theoretical concern but plays a vital role in deter-

mining the types of support caregivers seek and receive (Menke et al., 2020; Whitlock et al., 2018). While

online communities provide a broad and easily accessible platform for communication, there is a lack of

accurate information collection, such as the roles of caregivers and other demographic information. This gap

highlights the need for more nuanced research to differentiate the roles of caregivers and provide tailored sup-

port accordingly. Additionally, while spousal and adult children caregivers may experience different burdens,

other informal caregivers, such as siblings, extended family members, or friends, may face distinct challenges

that remain under explored in the literature. For instance, friends or distant relatives might struggle with ac-

cess to relevant caregiving information because they may not self-identify as primary caregivers (O'Connor,

2007). As a result, these groups can be overlooked by existing support systems, both online and of�ine.

Recognizing the importance of caregiver differentiation is essential for addressing these challenges. By

developing support categorizing strategy that account for the diverse roles and needs of caregivers, we can

ensure that each group receives the most relevant and effective resources. This differentiation will not only

improve the caregiving experience but also enhance the well-being of caregivers, particularly those supporting

ADRD patients, whose unique challenges demand more personalized support (Aim2).
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2.4 Sentiment and Emotional Well-being in Caregiving Discussions

Understanding the emotional aspects of caregiving is essential for improving caregiver support, particularly

given the high emotional necessity associated with caregiving tasks (Longacre et al., 2014). In traditional

of�ine settings, caregivers often face emotional challenges such as stress, anxiety, and depression due to their

dual responsibilities in managing caregiving alongside other personal and professional obligations (Otis-

Green and Juarez, 2012). Studies have shown that caregivers frequently experience emotional burnout as a

result of sustained caregiving duties, leading to both physical and psychological strain (Chen et al., 2013a).

Support systems that address these emotional needs, including bereavement support, family meetings, and

professional consultations, are critical in maintaining caregivers' emotional well-being (Klemm and Wheeler,

2005). Despite these efforts, many caregivers still report feelings of isolation and insuf�cient emotional

support in face-to-face interactions.

Online platforms offer a new avenue for caregivers to express their emotions, share their experiences,

and receive emotional support. The Ohana system (Fuentes et al., 2013), for example, was developed as

a tangible user interface to allow caregivers to express their emotions and re�ect on their emotional well-

being while communicating with family members and physicians. Additionally, online health communities,

such as those dedicated to cancer or dementia caregivers (Bloom et al., 2019), help caregivers connect and

share their emotional highs and lows. These communities provide caregivers with a space to articulate their

challenges, engage in supportive dialogues, and even feel a sense of camaraderie in knowing that others are

facing similar dif�culties (Qiu et al., 2011). Sentiment analysis is a useful methodology for analyzing these

emotional exchanges and understanding the emotional well-being of caregivers over time (Zunic et al., 2020).

This technique allows researchers to detect emotional trends, providing insight into how caregivers' emotions

evolve as they interact with online support systems. In particular, threads in online forums have been found

to generate positive emotional changes, as caregivers �nd emotional validation and support through their

participation in these communities (Portier et al., 2013).

As part ofAim 3, our research will extend these �ndings by studying how AADRD caregivers' emotions

change throughout their engagement with online platforms over time. Temporal sentiment analysis will be

key to understanding how caregivers move from distress to emotional resilience. This analysis is especially

crucial in ADRD caregiving, where emotional strain �uctuates as patients' conditions worsen.

2.5 Interaction Dynamics and Community Engagement

The success and sustainability of online communities largely depend on factors such as user retention, par-

ticipation, and the perceived richness of interactions within the community (Cunha et al., 2019). Previous

research has identi�ed that user engagement in online platforms is driven by several factors, including user
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loyalty, shared interests, and the depth of online discussions (Iriberri and Leroy, 2009a; Sun et al., 2016a;

Malinen, 2015a).

Studies exploring online community engagement have typically focused on analyzing broad patterns at

the community level. For example, research has examined topics discussed within communities, overall ac-

tivity levels, and the growth of user bases (Chen et al., 2021; Onofrei et al., 2022). While these �ndings offer

valuable insights into building successful communities, they often overlook the �ner dynamics of interactions

at the individual level, which are critical for fostering meaningful support, particularly in health-related con-

texts. Speci�cally, the nature of interactions between caregivers seeking advice and those providing support

is a crucial factor in generating lasting engagement and support networks (Zhao et al., 2021a).

In the context of health-related online communities, such as those for ADRD caregivers, interaction dy-

namics are essential for sustaining long-term participation (Ridings and Wasko, 2010). Building mutually

supportive connections between users (Munn-Giddings and McVicar, 2007), especially between caregivers

facing similar challenges, enhances the quality of the support provided. Studies have shown that these con-

nections are more likely to develop when users share similar roles, such as being caregivers themselves, and

when they are actively engaged in reciprocal communication (Elliott et al., 2022; Molassiotis and Wang,

2022). This peer-to-peer interaction fosters a sense of community and belonging, which in turn contributes

to sustained engagement.

Our research, as part ofAim 4, seeks to dive deeper into the thread-level interactions within these com-

munities. Unlike previous studies that focus primarily on aggregate community metrics, our study focuses

on the smallest organizational unit within online forums, the thread. By analyzing discussions between topic

initiators and responders, we aim to uncover how meaningful interactions can be encouraged, ultimately en-

riching the online experience for caregivers and generating collective knowledge that can support informal

caregiving.

2.6 AI Support in Caregiving Responses

Informal ADRD caregivers increasingly turn to online forums for emotional and informational support (Wal-

lace et al., 2021; Han et al., 2022). These peer support platforms are shown to improve caregiver well-

being, reduce emotional stress, and provide experiential knowledge exchange (Daynes-Kearney and Gal-

lagher, 2023; Ni et al., 2024). As these communities grow, scholars have identi�ed recurring themes such

as empathy, coping, and con�ict resolution in caregiver dialogues (Ullrich et al., 2020; Foster et al., 2025;

Halevi Hochwald et al., 2022). The foundation of these interactions is rooted in the exchange of emotional

and informational support (House et al., 1988; Deetjen and Powell, 2016), with emotional expression often

manifesting as shared empathy (Pudlinski, 2005).
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As AI chatbots become more common in health communication, questions arise about how they emulate

this social labor. Prior work shows AI-generated responses, such as those from ChatGPT, can score com-

parably or even better than physicians in perceived empathy (Ayers et al., 2023; Chen et al., 2023a; Sorin

et al., 2024), especially in general or moderate emotional contexts (Yeo et al., 2023; Chen et al., 2023b).

However, synthetic empathy may also be perceived as formulaic (Rubin et al., 2024), raising concerns about

authenticity and long-term trust (Schultz, 2023; Montemayor et al., 2022). While users may appreciate AI's

availability and �uency, they often defer to humans, especially peers or professionals, for high-stakes or

intimate concerns (Young et al., 2024).

Trust in AI-generated informational support is equally complex. AI models can produce con�dent yet

potentially hallucinated outputs (Aljamaan et al., 2024), and despite retrieval-based strategies (Ferrario and

Loi, 2022), accuracy and transparency remain major challenges. In contrast, peer responses are grounded in

lived experience, but lack standardization; professional responses are accurate but may lack warmth (Hamil-

ton et al., 2006; Brock and Huber, 2017). These differences motivate an integrative approach, such as using

AI to augment human empathy rather than replace it (Sharma et al., 2023).

Our study, in part ofAim 5 builds upon this literature by comparing AI, peer, and physician responses

in online ADRD caregiving communities, assessing both emotional resonance and informational reliability.

This aligns with current HCI recommendations for multidimensional AI evaluation (Abbasian et al., 2024;

Au Yeung et al., 2023) and contributes to design principles for trustworthy AI integration in high-empathy

domains.

2.7 Computational Methods in Caring

The study of health and well-being, particularly in the caregiving domain, has increasingly incorporated

computational methods and technologies (Schindler and Domahidi, 2023). These technologies allow for

both nuanced and large-scale analyses of of�ine and online data, enabling researchers to examine caregiving

experiences in more depth than traditional methodologies alone. In both of�ine and online environments,

these methods provide crucial insights into caregiver stress, emotional well-being, and interaction patterns,

which can inform personalized interventions and support systems.

Traditional of�ine methods, such as surveys, questionnaires, and observational studies, have long been

employed to gather data on caregiver experiences. For example, as early as 1997, Kenneth L. Davis de-

veloped the Caregiver Activity Survey (CAS), a validated tool to assess the time caregivers spent assisting

Alzheimer's patients with their daily activities (Davis et al., 1997). While surveys remain a fundamental tool

in of�ine caregiving research, they have since been augmented by advanced Human-Computer Interaction

(HCI) techniques. These HCI methods allow for the collection of richer, real-time data on caregiver stress
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and emotional well-being (Sainfort et al., 2009; Nunes et al., 2010; Dino et al., 2022). An example of this is

Ying Gao's work on designing interactive platforms for cognitive rehabilitation in Alzheimer's patients using

puzzle games, which demonstrated the bene�ts of HCI for improving caregiver-patient interactions (Gao,

2019). These approaches offer dynamic, interactive interventions that can be adapted based on immediate

feedback from caregivers.

With the rise of social media platforms and online health communities, vast datasets are now available for

analysis using machine learning (ML) and natural language processing (NLP) techniques. Topic modeling,

for instance, is frequently applied to identify key themes and concerns in caregiver discussions. Models such

as Latent Dirichlet Allocation (LDA) (Zhong and Liu, 2021), Structural Topic Modeling (STM) (Rodriguez

and Storer, 2020), and other NLP tools help to categorize large volumes of online posts, revealing prevalent

emotional states, concerns about patient care, and requests for support. This allows researchers to analyze

caregiver experiences at scale, identifying patterns that manual analysis could easily overlook.

Beyond topic modeling, classi�cation algorithms are widely used to understand and predict user behavior

in online caregiver communities (Javeed et al., 2023). ML methods, including traditional machine learning

classi�ers (e.g., support vector machines, logistic regression) (Wang et al., 2021b; Revathi et al., 2022) and

more advanced deep learning techniques like BERT (Bidirectional Encoder Representations from Transform-

ers) (Zaman et al., 2023b; Nian et al., 2022), are applied to classify user-generated content. For instance, Klein

et al. (Klein et al., 2022) used BERT-based classi�ers to identify dementia caregivers on Twitter, enabling

large-scale tracking of their emotional needs and targeting interventions to support them.

Furthermore, sentiment analysis techniques are frequently employed to assess caregivers' emotional well-

being over time. By applying NLP models to large corpora of text from social media posts or online com-

munity forums, researchers can track shifts in sentiment, identifying periods of heightened stress or relief

(Cheng and Yin, 2022). These methods have proven effective in creating real-time, adaptive interventions for

caregivers, such as recommending resources or connecting them with peers experiencing similar challenges.

Sentiment analysis is particularly useful in identifying emotional burnout among caregivers, allowing for

timely intervention to prevent further stress.

computational technologies offer promising solutions for addressing their needs. For example, Wang et

al. (Wang et al., 2018) applied LDA to analyze clinical notes, identifying trends in ADRD patient care during

the last years of life. Similarly, Zaman et al. (Zaman et al., 2023a) used sentiment analysis to examine the

emotional dynamics of online ADRD caregiver support groups, revealing the importance of emotional support

and empathy in these interactions. By combining sentiment analysis with predictive models, researchers can

identify caregivers who may be at risk of burnout, offering real-time interventions to alleviate their stress.

Additionally, topic modeling applied to online caregiver communities can reveal emerging concerns related
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to ADRD care, enabling targeted interventions that address speci�c caregiving challenges.

In conclusion, the integration of computational methods such as NLP, ML, and HCI into caregiving

research represents a signi�cant advancement in the �eld of healthcare and well-being. By leveraging these

technologies, researchers can gain deeper insights into the emotional and informational needs of caregivers,

ultimately leading to more effective, personalized support systems for caregivers, particularly in the context

of ADRD.
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CHAPTER 3

Aim 1: Content Distinguishing

“One person caring about another represents life's most signi�cant value.”

—- Jim Rohn

Design Overview

This study, addressingAim 1 of the dissertation, explores the experiences and challenges of Alzheimer's

Disease and Related Dementias (ADRD) caregivers by mining online posts from Reddit. While prior work

has mainly focused on ADRD-speci�c communities (e.g., r/Alzheimers), this paper broadens the scope by

collecting and analyzing posts from both ADRD and non-ADRD subreddits.

In the research communicated in this paper, we aim to collect and understand the challenges and needs in

ADRD caring-related submissions on an online social media platform, Reddit. Reddit is an American social

news aggregation, web content rating and discussion website1. The platform contains millions of communi-

ties calledsubredditsthat discuss speci�c topics (e.g.,r/dementiaandr/politics). A subreddit contains many

discussion threadswhere the initial posts are calledsubmissionsand all of the following responses are called

comments. More speci�cally, our work is guided by two hypotheses:

� H1: We can build ef�cient machine learning classi�cation models to identify online submissions on Reddit

that are related to ADRD care challenges and experiences.

� H2: ADRD care information disclosed in the non-ADRD communities differs from that in the ADRD

communities.

In this paper, we apply computational methods to understand the challenges and experiences of ADRD

caregivers on a large number of Reddit submissions. Figure 3.1 illustrates our research work�ow, as well as

how each component is organized in the following sections to address the proposed hypotheses. The primary

contributions of our research are as follows:

� We introduce an ef�cient two-stage machine learning framework to identify submissions about ADRD

care from Reddit on a large scale. We build and compare both traditional and deep learning-based

models on common machine learning metrics. Our best-performing model achieves an AUC of 0.94

(� 0:01).

1https://www.reddit.com
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� We conduct a structured topic modeling to identify the main ADRD care challenges and experiences

disclosed on Reddit. In addition to the common issues that are found in previous studies, we gain fur-

ther insights into topics about detailed daily matters, includingroutine recommendationsandcomplex

kinship relationships.

� We show that there are meaningful differences in the topics learned from ADRD and non-ADRD

subreddits, which explains why it is important to extend investigations about online ADRD caregivers

into non-ADRD communities. We �nally discuss the implications of our work to ADRD caregivers

and researchers, as well as to text classi�cation to solve real-world problems.

Figure 3.1: Overview of the research pipeline used in Aim 1, including data collection, �ltering, annotation,
classi�cation, and topic modeling stages.

3.1 Data Preparation

Reddit is a popular social media platform with approximately 52 million daily active users and 430 million

monthly users2. All of the Reddit posts, including submissions and their comments, are publicly accessible.

In this paper, we focus on submissions only to understand the potential challenges and experiences faced

by ADRD caregivers and defer the analysis of comments to future work. This study is exempt from human

subjects research by the Institutional Review Board at our university. All of the submission quotes presented

in this paper have been rephrased for privacy consideration and demonstration purpose (Proferes et al., 2021).

2https://www.businessofapps.com/data/reddit-statistics/
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3.1.1 Data Collection

We apply two methods to collect the data through the pushshift.io API3. First, we collect all of the submissions

within the four main subreddits of ADRD:r/Alzheimer, r/Alzheimers, r/dementia, andr/AlzheimersGroup.

Second, we extract all of the submissions from across Reddit that contain at least one of the following pre-

de�ned keywords:alzheimer, alzheimers, dementia, dementias. Third, we combine these two datasets and

remove duplicate submissions. For convenience, in this paper, we refer to the aforementioned four ADRD-

focused subreddits asADRD subredditsand all of the other subreddits asnon-ADRD subreddits. Table 3.1

provides a summary of the data used in this study.

ADRD Subreddits
Subreddits 4
Submissions 15,675
Users 9,051

Non-ADRD Subreddits
Subreddits 13,473
Submissions 93,505
Users 67,392

Time period 11/30/2005 - 12/04/2020

Table 3.1: Summary statistics for the cleaned dataset.

We remove the stop-words and apply the Ekphrasis Python package (version 0.5.1)4, a text processing tool

for social tokenization and spell correction, to correct misspellings. We also replace unstructured expressions,

such as time and URLs into prede�ned notations (e.g., “ ¨^ ” to “*smile*”, “05/01/2021” to “*date*”) using

Ekphrasis. We convert the extracted tokens in each submission into lower case.

3.1.2 Initial Screening of ADRD Submissions

While our data collection methods ensure that a large number of submissions about ADRD care are col-

lected, it also introduces many submissions that are not related to ADRD (e.g., “He must be crazy, I think

he got dementia.”). Sampling posts from such data would make annotators read many obviously unrelated

submissions, which would be a waste of time and effort. To narrow the search scope, we perform aninitial

screeningby building a binary classi�cation model to remove data that do not focus on ADRD topics.

This is accomplished by generating positive and negative classes of the same size. The positive class

is generated by all of the submissions fromADRD subreddits. Speci�cally, we randomly select the same

number of the most recent submissions from the following “Today's Top Growing Communities5” (on 4th

Dec, 2020, the day we stopped data collection) to form a negative class:r/politics, r/Games, r/Pets, r/travel,

r/cyberpunkgame, r/science, r/gtaoline, r/explainlikem�ve, r/lifeProTipcs. Ideally, any combination of com-

3https://pushshift.io/
4https://github.com/cbaziotis/ekphrasis
5https://www.reddit.com/subreddits/leaderboard/
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mon subreddits that are highly unrelated to ADRD can serve this purpose. To further verify if there exist any

posts in the negative class that are in fact related to ADRD (and would, thus, be false negatives), we conduct

two additional checks. First, we search all of the posts in the negative class for any post that contained one

of the ADRD keywords that we apply to search on Reddit. This search turns up 43 posts. After manually

reading these posts, we �nd that none of them are related to ADRD. Second, among the posts that lack an

ADRD keyword in the negative class, we randomly select 100 posts and, by manual examination, we �nd

that all were unrelated to the ADRD topic. As such, we believe it is unlikely that the negative class we create

has posts with ADRD topics.

We use the words in each submission as features and apply term frequency (TF) - inverse document fre-

quency (IDF) to generate feature values. TF-IDF determines the relative frequency of words in a speci�c

document compared to the inverse proportion of that word over the entire document corpus. We useT�dfVec-

torizer method in the pythonscikit-learnpackage (version 1.0) to generate the word features. We use these

features to train a binary logistic regression model to predict whether a submission is related to ADRD. We

utilize 10-fold cross-validation to evaluate the model performance. The �tted model results in an area under

the ROC curve (AUC) score of 0.994 (� 0:012), suggesting a very well-de�ned separation between positive

and negative classes.

Since our ultimate goal is to identify submissions related to ADRD care, we adjust the threshold of the

decision boundary of the �tted classi�er to ensure that it can recognize all of the potential submissions talking

about ADRD. In other words, the model should have a recall of 1.0. This leads to a threshold of 0.8, which

corresponds to a recall of 1.0 and a precision of 0.3. After applying this screening classi�er to all of the

collected data, we obtain 50,583 ADRD submissions.

3.1.3 Data Annotation

We construct a gold-standard dataset that indicated whether a submission is related to ADRD care by anno-

tating 5,000 randomly selected submissions from the ADRD-focused data. The annotated data are then relied

upon to train classi�cation models to ef�ciently identify ADRD care submissions on a large scaleH1.

Four annotators are recruited and trained on an annotation codebook. The codebook is created by the

authors based on our review of submission samples and the literature. The annotators are all Reddit users and

have general knowledge of ADRD. The following provides an example of is a submission labeled positive

for ADRD: “Hi!! my name is *name* and I`m *age*. I have a ton of anxiety (and comorbid depression, yay)

that I'm in counseling for; Currently, I take care of my grandma with Dementia. I play bass and smoke a lot

of weed, and I`m just looking for people to talk to”.
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We use Labelbox6, an online platform for data labeling, as the annotation tool. Each submission is

annotated by two annotators independently. If a submission receives contradicting labels, they are labeled by

a third annotator to break the tie. After the �rst round of annotation, 69% of submissions receive the same

labels. The remaining submissions are sent to the second round of annotation to break a tie. This process

produce 5,000 labeled submissions with 38.3% (1,914) of them related to ADRD care.

3.2 Classi�cation Models

Now that we have the annotated dataset, we present the process to train and compare traditional and deep

learning-based classi�cation models to identify whether a submission is about ADRD care (H1). The best-

performing model will be applied to all of the unlabeled submissions in the screened dataset for further

analysis.

3.2.1 Traditional Classi�ers

We apply four classical machine learning models for the binary classi�cation: logistic regression (LR), ran-

dom forest (RF), k-nearest neighbors (KNN), and support vector machine with a linear kernel (LinearSVC).

We construct both sparse and dense features to train each model.

Sparse Features.A sparse feature is composed mostly of values equal to zero. We generate sparse

features through a bag-of-word representation, where each submission is coded into a vector with each cell

representative of a word in the vocabulary de�ned by the dataset. Within this representation, we use two types

of feature values: 1) Word Count and 2) Word TF-IDF. Similarly, we generate a bag of character n-grams

(n 2 [2;5]) with TF-IDF as feature values (N-Grams).

Dense Features.Sparse features can potentially limit model generalizability. As such, we generate three

additional types of dense features by applying 1) linguistic inquiry and word count (LIWC) (Pennebaker

et al., 2015), 2) Word2Vec (Mikolov et al., 2013), and 3) pretrained Bidirectional Encoder Representations

from Transformers (BERT) (Devlin et al., 2018):

LIWC is utilized to map the words of a submission into linguistic categories (Chung and Pennebaker,

2012). In this study, we include all of the 93 categories proposed in LIWC, including, but are not limited to,

positive or negative emotions (e.g., happy and cried), biological process (e.g., blood and pain), and cognitive

process (e.g., cause and know).

Word2Vec is used to generate a vector representation such that the semantic similarity of two given words

can be measured by calculating the cosine distance of their according vectors. For this type of feature, we

use the Google pretrained modelword2vec-google-news-300to obtain word embedding for each word in

6https://labelbox.com/
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Model Metric
Sparse vector Dense vector

Word
Count

Word
TF-IDF

N-Grams LIWC Word2Vec
BERT

pretrained

LR

Accuracy 0.74 (0.01) 0.75 (0.01) 0.76 (0.01) 0.74 (0.01)0.77 (0.01) * 0.73 (0.01)
Precision 0.68 (0.02) 0.70 (0.03) 0.71 (0.01) 0.67 (0.02) 0.72 (0.01) 0.67 (0.02)

Recall 0.58 (0.03) 0.61 (0.03) 0.65 (0.02) 0.60 (0.02) 0.67 (0.02) 0.59 (0.02)
F1 0.63 (0.02) 0.66 (0.02) 0.68 (0.01) 0.64 (0.01) 0.69 (0.01) 0.62 (0.01)

AUC 0.78 (0.01) 0.82 (0.01) 0.83 (0.01) 0.80 (0.01) 0.85 (0.01)* 0.80 (0.01)

RFC

Accuracy 0.76 (0.01) 0.77 (0.01) * 0.76 (0.01) 0.77 (0.01) * 0.76 (0.01) 0.72 (0.01)
Precision 0.76 (0.02) 0.77 (0.01) 0.73 (0.02) 0.73 (0.02) 0.74 (0.02) 0.68 (0.03)

Recall 0.56 (0.03) 0.56 (0.03) 0.58 (0.02) 0.62 (0.02) 0.58 (0.02) 0.50 (0.02)
F1 0.64 (0.02) 0.65 (0.02) 0.65 (0.01) 0.67 (0.02) 0.65 (0.02) 0.58 (0.02)

AUC 0.83 (0.01) 0.84 (0.01) 0.83 (0.01) 0.84 (0.01) 0.84 (0.01) 0.78 (0.02)

KNN

Accuracy 0.63 (0.01) 0.68 (0.01) 0.68 (0.01) 0.66 (0.02) 0.72 (0.01) 0.68 (0.02)
Precision 0.54 (0.02) 0.63 (0.03) 0.64 (0.03) 0.55 (0.02) 0.69 (0.03) 0.57 (0.02)

Recall 0.24 (0.02) 0.39 (0.02) 0.35 (0.02) 0.57 (0.03) 0.49 (0.01) 0.61 (0.03)
F1 0.33 (0.02) 0.48 (0.01) 0.45 (0.02) 0.56 (0.02) 0.57 (0.02) 0.59 (0.02)

AUC 0.59 (0.01) 0.70 (0.02) 0.69 (0.01) 0.70 (0.01) 0.77 (0.01) 0.72 (0.02)

SVM

Accuracy 0.70 (0.01) 0.74 (0.01) 0.76 (0.01) 0.62 (0.10)0.77 (0.01) * 0.71 (0.01)
Precision 0.61 (0.02) 0.67 (0.02) 0.70 (0.02) 0.58 (0.13) 0.71 (0.01) 0.64 (0.03)

Recall 0.60 (0.04) 0.62 (0.03) 0.65 (0.02) 0.64 (0.33) 0.68 (0.01) 0.56 (0.05)
F1 0.61 (0.02) 0.64 (0.02) 0.68 (0.01) 0.52 (0.16) 0.69 (0.01) * 0.60 (0.02)

AUC 0.73 (0.01) 0.80 (0.01) 0.83 (0.01) 0.73 (0.07) 0.84 (0.01) 0.77 (0.01)

Table 3.2: The average (SD) accuracy, precision, recall, F1 and AUC of traditional machine learning classi-
�ers. Bold font indicates the best-performing score for each metric. *indicatesp < 0:05 on a Student's t-test
that assessed whether the performance of the model in question is statistically signi�cantly different than the
second-best performing model.

the vocabulary. We generate a submission embedding by averaging the word vectors within the submission

weighted by TF-IDF values.

BERT is a language model based on the encoder part of Transformer, which is designed to learn bidirec-

tional representations from a very large amount of unlabeled text. In this task, we apply the Google-pretrained

BERT model,bert-base-uncased(12-layer, 768-hidden, 12-heads, 110M parameters), to obtain the vector

representation of each submission. Each submission is limited to a maximum length of 256 words, and the

submissions with less (more) words than the maximum are padded (truncated) accordingly. While the �nal

hidden states (the transformer outputs) of the input tokens can be concatenated to get the encoded represen-

tation of a sentence, as is a standard convention, we use the hidden states of the [CLS] token of the last layer

of the BERT pretrained model as the dense feature of submission for the further classi�cation tasks.

3.2.2 Deep Learning Classi�ers

We apply four deep learning classi�ers based on a long short-term memory network (LSTM) (Greff et al.,

2016) and BERT. LSTM is a type of recurrent neural network that is capable of learning long-term depen-
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dencies and has been widely applied in natural language processing (Zhou et al., 2016). We implement these

models using PyTorch (version 1.4.0) and transformers (version 3.5.1).

LSTM with one-hot word encoding (LSTM-One-Hot).We use one-hot encoding to represent each word in

a submission. We truncate or pad the sequence of encoding in a submission to be of size 256. The sequences

of encodings are then fed to an LSTM for model training.

LSTM with Word2Vec embeddings (LSTM-Word2Vec).Since word2vec is designed to represent semantic

meaning, we introduce a similar model with LSTM-One-Hot that uses the output of the Google-pretrained

Word2Vec model in the embedding layer. We anticipate this model will outperform the previous model.

LSTM with attention (LSTM-Attention).We append a layer of single-head attention (Vaswani et al., 2017)

to the Bidirectional-LSTM (Bi-LSTM) model (with Google pretrained Word2Vec as the input embedding

layer) as an extended classi�er. The attention mechanism is used to focus attention on the information output

from the hidden layer of Bi-LSTM, which is expected to further boost the model performance.

BERT �ne-tuning (BERT-Fine-Tuning).Finally, we �ne-tune BERT for ADRD care submission identi�-

cation. Fine-tuning is a relatively inexpensive process whereby we continue to train all of the parameters of a

pretrained BERT model together with the downstream machine learning task (Devlin et al., 2018), which, in

our case, is a binary classi�cation. By adapting the task-speci�c context, this model is expected to outperform

all of the other models.

3.2.3 Model Training and Evaluation

We adopt a nested 10-fold cross-validation to train and evaluate the performance of each classi�er. Speci�-

cally, we �rst apply 10-fold strati�ed shuf�e splits with a testing size of 0.3 to ensure the training and testing

data in each sample set preserve the proportion of submissions for each class. Next, for each sample set,

we utilize grid search with 10-fold cross-validation within the training data to optimize the hyperparameters

based on F1. Then, we test the model's performance using the test data in each sample set. We report on the

mean and standard deviation (SD) of accuracy, precision, recall, F1, and AUC for each model, and �nally

compare model performance using a Student's t-test at a signi�cant level of 0:05.

3.2.4 Classi�cation Results

Table 3.2 presents the performance of the traditional classi�ers, where the best score of each metric is shown

in bold. There are several notable �ndings to highlight. First, the models based on Word2Vec features (LR

and SVM) achieve the best accuracy, recall, F1 and AUC (p< 0:05). By contrast, the features generated from

the pretrained BERT model do not result in any of the best-performing models. This suggests that, without

adapting the task-speci�c context, the complex BERT model may not be as ef�cient as the much simpler
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word2vec model in capturing effective submission embeddings. Second, RFC with word TF-IDF features

achieves the best precision and accuracy. It is not surprising to observe that word TF-IDF features are more

ef�cient than word count features for classi�cation, since TF-IDF can help identify the most informative

words of a submission. Third, RFC with LIWC features also achieves the best accuracy. Upon inspection

of the top informative LIWC features, we observe it is notable that ADRD care submissions are more likely

to use linguistic categories likefamily, female, shehe, money, focuspresent, home, drivesandhealth, while

submissions not about ADRD care are more likely to use linguistic categories likefocuspast, informal, leisure,

body, bioandswear. However, all of the traditional models exhibit recall under 0.70, which may not be

suf�ciently high to extract as many ADRD care submissions as needed.

Table 3.3 shows the mean and SD of each metric for the deep learning classi�ers. The best model is

BERT-Fine-Tuning (p < 0:001), followed by LSTM-Attention, LSTM-Word2vec, and LSTM-One-Hot. This

con�rms the general practice in natural language processing, as explained in the description of each proposed

model, that each model has advantages over the next one in the list. It should be noted that the BERT-Fine-

Tuning model outperforms all of the traditional machine learning models as well (p < 0:001). By contrast,

the other three deep learning-based models are not competitive with the traditional models in any metric. The

BERT-Fine-Tuning model is applied to classify all of the unlabeled data in the screened dataset.

3.2.5 Error Analysis of Misclassi�ed Submissions

To gain insight into where the BERT-Fine-Tuning model makes mistakes, we extract the prediction results

from one of the test sets to perform a qualitative analysis to the misclassi�ed submissions.

Among the 1,500 test set submissions that we extract, the number of true-positive (TP), true-negative

(TN), false-positive (FP) and false-negative (FN) submissions is 418 (27.7%), 878 (58.5%), 110 (7.3%) and

94 (6.3%), respectively. We conduct the error analysis on the misclassi�ed submissions from two perspec-

tives.

First, we perform a t-test to compare the length of TP submissions and the length of FN submissions.

We �nd that TP submissions are signi�cantly shorter than FN submissions (357 words vs. 533 words on

average,p = 0:003). This may be due to the fact that the BERT-Fine-Tuning model truncates the posts during

training and prediction. However, we do not observe a signi�cant difference in submission length between

TN and FP submissions under a t-test (568 words vs. 467 words on average,p = 0:100). This suggests that

a BERT-Fine-Tuning model with larger segmentation may help improve model performance, but may need

more training data as well.

Second, we sample some of the FP and FN posts to examine the content manually. We �nd that many FP

submissions mentioned ADRD patients but discuss negative life experiences that are not related to ADRD
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Model Metric Score

LSTM-One-Hot

Accuracy 0.66 (0.02)
Precision 0.56 (0.04)

Recall 0.55 (0.08)
F1 0.55 (0.04)

AUC 0.71 (0.02)

LSTM-Word2Vec

Accuracy 0.69 (0.02)
Precision 0.60 (0.04)

Recall 0.60 (0.10)
F1 0.60 (0.03)

AUC 0.75 (0.02)

LSTM-Attention

Accuracy 0.73 (0.01)
Precision 0.66 (0.03)

Recall 0.62 (0.08)
F1 0.63 (0.03)

AUC 0.80 (0.01)

BERT-Fine-Tuning

Accuracy 0.87 (0.01) ***
Precision 0.79 (0.02) ***

Recall 0.84 (0.02) ***
F1 0.81 (0.01) ***

AUC 0.94 (0.01) ***

Table 3.3: Performance of the deep learning classi�ers. Bold font indicates the best score for each metric.
***indicates p < 0:001 on a Student's t-test that assessed whether the performance of the model in question
is statistically signi�cantly different than the second-best performing model.

care. One example of such a submission is“I really need vent/talk/sympathy, I'm really not used to crying

around most people. I just found out that my dad is going to be hospitalized for four days next week for a test

to see if he is eligible for a liver transplant. The maternal grandfather I grew up adoring was teetering under

his growing dementia, now what? ...it's too much, but even when I cry, I don't feel like I can do anything.”On

the other hand, FN submissions seem to communicate the care story with a positive tone. A representative

example is“Dealing with dementia reaching out in love - *number* years ago, my wife was diagnosed with

a genetic disorder that causes dementia, uncontrollable body movements, and ultimately death... I created

this blog to help our family, and hopefully all of the caregivers... I pray this blog is a blessing to you.”This

suggests that Reddit submissions that describe multi-topic stories may bring challenges for classi�cation. The

issue may be mitigated with more training examples or multi-task learning.

3.3 Topic Prevalence Analysis

In this section, we focus on analyzing discussion disparities between communities (H2) by studying topics

difference in ADRD care submissions published inADRD subredditsandnon-ADRD subreddits.
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Figure 3.2: The bar chart shows the top 20 subreddits with the highest number of submissions related to
ADRD care distributed in barplot. The word cloud is composed of the top 50 subreddits.

3.3.1 Classifying Unlabeled Submissions

We �ne-tune the BERT model with all 5,000 annotated samples to generate a classi�er. Using all of the

available labeled data points to re�t the selected model is a common strategy that is widely adopted in Kaggle

machine learning competition to maximize its performance. We apply this re�tted model to all of the unla-

beled data within the 50,583 screened submissions to predict whether each of them is related to ADRD care.

We obtain 13,202 positive submissions (26.1% of the screened submissions, combining the labeled and the

predicted data) that are from 1,197 subreddits.

Figure 3.2 presents the top 20 subreddits with the largest number of ADRD care submissions in a barplot

and the top 50 subreddits in a word cloud. The font size of each subreddit in the word cloud is proportional

to the number of ADRD care (positive) submissions in this subreddit. It can be seen that submissions re-

lated to ADRD care unsurprisingly appear in ADRD subreddits (e.g., r/dementia: 2,794 submissions and

r/Alzheimers: 1,339 submissions). However, there is also a substantial sizable number of positive submis-

sions fromnon-ADRD subredditsthat are dedicated to many other topics such as consultation and suggestions

(e.g., r/legaladvise: 1,461 submissions; r/Advice: 523 submissions). Together, thesenon-ADRD subreddits

contribute 68.5% of all of the ADRD care submissions, more than twice as many asADRD subreddits.

To better understand what has been communicated and the differences in topics betweenADRD subreddits

andnon-ADRD subreddits(H2), we conduct the following topic prevalence analysis on the 13,202 positive
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submissions.

3.3.2 Structural Topic Modeling

In this task, we apply structural topic modeling (STM) (Roberts et al., 2019a), as implemented in stm R

package (v1.3.6), to investigate topic prevalence or proportion. In comparison to standard topic modeling,

STM allows us to incorporate document-level metadata (e.g., authorship and creation time) into the topic

modeling to investigate topic prevalence regarding the metadata. STM has been shown to improve inference

and qualitative interpretability and is widely adopted in computational social science (Schatto-Eckrodt et al.,

2020). In this paper, we introduce abooleanmetadata variable to indicate whether a submission is posted

within ADRD subredditsor non-ADRD subreddits, and investigate how the topics are different in these two

types of subreddits.

To prepare the input of STM, we remove words with a frequency less than 3. Since STM is an unsuper-

vised learning method, where the number of topics has to be set before running the algorithm, we rely on

exclusivityandsemantic coherenceto select the optimal topic numberK� from a topic number candidate list

of f 5, 10, 15, 20, 25, 30g. Exclusivity refers to the distinctiveness of the words with the highest frequencies

in the topic (Bischof and Airoldi, 2012), while semantic coherence quanti�es how the words in a topic fre-

quently co-occur together in general contexts (Mimno et al., 2011). Although high exclusivity and semantic

coherence scores are preferred, in practice, a higher exclusivity will lead to a lower semantic coherence score

(vice versa). Therefore, an optimal topic numberK� should reach a balance between the two metrics for

each topic. Figure 3.3 shows the values of the two metrics for each topic number candidate. Based on the

aforementioned criterion, we prefer to select aK that has more topic markers appear on the top right region of

Figure 3.3. Among the six prede�ned topic number candidates,K = 15 has relatively higher scores for both

metrics, and no topics appear in areas where exclusivity or semantic coherence is small (e.g., left or bottom

regions). Hence, we choseK� = 15 and re-run STM until it converges.

3.3.3 Care Topics

Figure 3.4 shows the 15 resulting topics, along with their corresponding one-phase summaries, top words and

topic proportions presented in a decreasing order. These one-phase summaries are generated by examining the

submissions with the highest topic proportion for each topic by authors. The top words are the most represen-

tative words in each topic, which are ranked according to a score de�ned bybw;k(logbw;k � 1=K� å k0logbw;k0),

wherebw;k is the probability of seeing wordw conditioned on topick andK� is selected as 15 in this paper.

If a word w has a higher probability in topick than in other topics, it will have a larger score value based on

the formula. Similar to TF-IDF, this score puts a higher rank on words that are more likely to differentiate a
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Figure 3.3: Exclusivity and semantic coherence between different candidate topic numbers. Each dashed line
corresponds to one SD smaller than the average value of the metric, respectively. The model with the best
K should have the largest number of topic markers residing on the top right region of the �gure to achieve
balanced exclusivity and semantic coherence scores.

topic from others.

Speci�cally, Topic #14 [Feelings] (feel, just, realli) exhibits the highest proportion among the 15 topics.

For example, one of the most representative submissions for Topic #14 is “My grandpa has dementia and is

getting worse ... I cannot stop crying and worrying, I do not know what to do. I feel so hopeless and stuck.”,

which suggests that there are many caregivers who share their emotions about their care experiences in the

online setting. Moreover, both positive and negative sentiments are included in these topics. For instance,

Topic #3 [Mental Issues] contains the termsdepress, anxieti, suicid, while Topic #1 [Positive experience] con-

tains the termssmile, dream, love. Also, there exist some topics related to care experiences, like #10 [Home

care] (home, nurs, live), #7 [Legal and Financial Issues] (money, attorney, estat) and #9 [Communication]

(call, told, phone), which describe the problems and challenges that caregivers face when caring for a person

with ADRD.

Additionally, caregivers discuss clinical issues regarding ADRD patients. For example, Topic #8 [Rec-

ommendation] (app, phone, devic) talks about seeking suggestions for caring, especially daily care (e.g., “my

dad has dementia ... had trouble operating our standard smart TV ... which TV to pick for ease of use?”),

and Topic #5 [Disease and Symptoms] (hospit, doctor, activ) summarizes information about the hospitals,
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Figure 3.4: Topics generated by STM, sorted in decreasing order of expected topic proportions. The propor-
tion score of each topic is shown to the right of each bar, while the 10 most representative words in the topic
are shown to the right.

doctors, and medication (e.g., “My papa has dementia, he has to visit hospital a lot. Hospitals right now are

full and with so much work in hands, so dif�cult now”).

Lastly, as expected, it is observed that many ADRD caregivers are relatives and family members, as shown

in Topic #6 and #11 [Family Member]. Topic #4 [Negative Relationship] (*curse word*, sister, relationship)

suggests the emotional tense among family members during caring for ADRD patients, like “she's in early

stages of dementia, and she's extremely toxic towards me ... she's constantly belittling everyone and I am just

sick of her *curse words*”.

3.3.4 Topic Prevalence Across Subreddits

Figure 3.5 shows the effects of the topic prevalence contrast betweenADRD subredditsand non-ADRD

subreddits. The effect value for each topic is estimated by regressing a topic proportion in a post on the

binary meta variable indicating whether the post is published inADRD subreddit. This process is done by a

repeat of sampling topic proportions from the posteriors estimated within STM. A positive (negative) effect

suggests that the corresponding topic is more likely to be discussed inADRD (non-ADRD) subreddits. There

are several notable observations from this portion of the investigation.

First, in comparison tonon-ADRD subreddits, the most prevalent topic inADRD subredditsis Topic #2

[ADRD] (alzheim, memori, diseas), which is directly related to the disease. For example, “#Diagnosed with

early-onset Alzheimer's disease at *age*# My mom is *age* and her doctor gave her the diagnosis of early-

onset.”. While this does not mean that the ADRD topic is not discussed innon-ADRD subreddits, an effect
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Figure 3.5: Topic prevalence contrast betweennon-ADRD subredditsandADRD-subredditswith their 95%
con�dence intervals. A positive (negative) value of the X-axis indicates that the related topic is more prevalent
in ADRD subreddits (non-ADRD subreddits). The topics are ordered by decreasing expected topic proportion
value.

of 0:049 (� 0:001, p < 0:001) suggests that, on average, the ADRD topic prevalence will increase 0:049 if

the online environment changes fromnon-ADRD subredditsto ADRD subreddits.

Second, the topics that are more disclosed inADRD subredditsalso include #13 [Memory Loss] (orget,

rememb, convers) (e.g. “Is it appropriate to tell her over and over again things that might upset her when she

forgets things so quickly?”) and #12 [Sleep and Eating Issues] (sleep, door, night) (e.g. “Are there any tips

for dealing with severe nocturnal incontinence??”). Both of these are problems caused by the symptoms of

ADRD disease.

Third, the most prevalent topic innon-ADRD subredditsis Topic #7 [Legal and Financial Issues] (money,

attorney, estat), which highlights the legal and �nancial problems for ADRD caregivers due to the loss of

memory for ADRD patients. For example, “...Given that there is no dispute over the will, debts and rela-

tively few assets, how does an estate attorney require?”. The caregivers facing this problem usually use more

speci�c subreddits (for example,r/besto�egaladviceandr/personal�nance) to seek support, instead of dis-

cussing inADRD subreddits. Similarly, an effect of� 0:079 (� 0:002, p < 0:001) suggests that, on average,

the #7 [Legal and Financial Issues] topic prevalence will decrease 0:079 if we change online environment
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from non-ADRD subredditsto ADRD subreddits. However, considering that the proportion of this topic is

only 0:080, it further suggests that most of the related posts are published innon-ADRD subreddits(e.g.,

r/legaladvice).

Fourth, Topic #4 [Negative Relationships] (*curse word*, sister, relationship) and #6 [Family Member 1]

(mom, grandma, dad), #11 [Family Member 2] (grandmoth, aunt, grandfath) are topics related to relation-

ships, which are also more frequently discussed innon-ADRDrather than inADRD subreddits.

Lastly, there is no signi�cant difference on Topics #1 [Positive Experience] (p = 0:137), #9 [Communi-

cations] ( p = 0:206), #10 [Home Care] (p = 0:272) between two types of subreddits. This means that both

types of communities talk about the positive experience but neither widely mention it (e.g., Topic #1 has the

smallest proportion), suggesting that challenges are still the major topics in these subreddits. In addition, it

makes sense for Topics #9 and #10 to be insigni�cant since they are general words regarding caregiving and

communications.

These differences in topic prevalence suggest that online ADRD caregivers go to different subreddits for

seeking support and sharing experiences based on the subreddit topics. Research focusing on merely ADRD

subreddits might not be able to gain a complete picture of the care challenges and experience.

3.4 Discussion

The objective of this study is to investigate what aspects of ADRD care are discussed on Reddit, as well as to

characterize the differences in ADRD care topics within and outside ofADRD subreddits. Here, we discuss

the implications of our research �ndings as follows.

3.4.1 ADRD Care Topics on Reddit

We identify many topics from submissions about ADRD care on Reddit, which can be summarized ashome

care, mental health, memory loss, negative feelingsand sleep and eating issues. These topics are well-

aligned with the �ndings in the previous investigations on the major challenges faced by ADRD caregivers

(van den Kieboom et al., 2020; Gaugler et al., 2019; Polzer et al., 2021). This suggests that when an ADRD

caregiver has a question or is looking for social support, it is likely that what they are seeking has already been

discussed in an online community(Song and Chang, 2012). If such discussion threads can be easily found,

it could save the caregiver a substantial amount of time and effort. In turn, this will make online support a

valuable, supplemental means to the local support groups or services to mitigate their certain limitations on

privacy, social stigma, as well as limited face-to-face contact during the COVID-19 pandemic. In addition

to the common challenges found in previous studies, Reddit contains many detailed descriptions of daily

matters, includingclinical visits, negative family relationshipsandroutine advice. These are the topics that
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caregivers are more likely to seek suggestions about, as well as support from, online peers, which has been

shown potentials to improve mental health (Gillard, 2019). It should be noted that caregivers seeking online

support may have to be cautious about the misinformation from open, public-accessible online environments

(Bautista et al., 2021). However, dealing with, or evaluating the impact of misinformation is beyond our

investigation.

3.4.2 Topic Prevalence Across Communities

Our experiments show that 68.5% of submissions about ADRD care are published innon-ADRD subreddits-

far more than those inADRD subreddits. For researchers, this suggests that focusing only onADRD subred-

dits is insuf�cient to understand the needs of online caregivers. This further suggests relying solely on ADRD

subreddits will not be suf�cient to provide effective coping strategies under certain circumstances. Therefore,

if decision support for ADRD caregivers relies on online environments, it is critical to ensure that they inte-

grate discussion threads from within, as well as beyond, ADRD-speci�c communities. At the same time, for

ADRD caregivers, this indicates that they may want to surf beyondADRD subredditsto �nd out their desired

information or support (e.g., regarding family relationships, legal or �nancial issues, see Figure 3.5). How-

ever, it might not be easy for ADRD caregivers to locate these submissions because they could be published

anywhere outsideADRD subreddits, which may become a barrier for using online support to assist ADRD

caregivers. An ef�cient tool or service to screen and search ADRD care posts from massive online data may

bene�t caregivers who have challenges in using technology in searching for relevant information.

More broadly, our topic and prevalence analysis suggest that it would be necessary and important to

categorize and distinguish communities on social media into two types: identity-driven or demand-driven.

Some online communities are created to meet the general needs of people with the same social or group

identities (e.g., caregivers, LGBTQ people and teachers), while others are created to address a speci�c type of

demand (e.g., legal advice, relationship, and stock). These two types of communities provide different forms

of support (Song et al., 2011; Song and Zhang, ming). In our study, theADRD subredditscan be considered as

identity-driven communities where most of them are informal ADRD caregivers, whilenon-ADRD subreddits

are more relevant to speci�c demands on topics such as legal advice, mental health, and relationships that

caregivers encounter when caring for an ADRD patient. It is equally important to focus on demand-driven

communities where caregivers with speci�c demands tend to go, and identity-driven communities in which

how to take care of ADRD patients are often discussed. The partition may be motivated by empathy and

identity, but further investigations are needed to investigate this conjecture.
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3.4.3 Classi�cation of ADRD Care Submissions

The best-performed classi�cation we build, the BERT-Fine-Tuning model, achieves a high AUC of 0.94.

This investigation provides additional evidence that pretrained deep learning-based language models can

ef�ciently capture the context of online disclosure and improve classi�cation performance. At the same time,

we �nd that traditional methods have similar or better performance than other RNN-based deep learning

models. For example, the logistic regression model that incorporates Word2Vec as features (with an AUC

of 0.85) outperforms LSTM-attention classi�er (with an AUC of 0.80). This suggests that when BERT

pretrained models are not available for a certain domain (e.g., clinical care), traditional models can serve as

reasonable surrogates to save training time and resources, while obtaining acceptable prediction performance

and maintaining good interpretability.

Health-related and non-health-related communities often coexist in online environments. For example,

COVID-19 infection can be discussed inr/COVID-19Positiveor any other subreddits. Therefore, our ap-

proach to identifying and analyzing relevant information can be applied to studies that use online data to

understand patients or their caregivers in general.

3.4.4 Limitations and Future Work

There are certain limitations of our study that can serve as a basis for future research. First, our �ndings are

limited to a sample of contributors to Reddit. Although this platform is the seventh most-visited website in

the U.S.7, our data are biased in terms of language usage (mainly in English), geographic region (mainly in

the United States and Canada), and the fact that not all caregivers are online users. As such, future research

should consider other online platforms, and particularly characterize the special needs of minority ethnic,

non-English-speaking caregivers (Nielsen et al., 2021). In addition, our investigation may bene�t from sup-

plemental surveys targeting caregivers who do not use social media. Second, while the BERT-Fine-Tuning

model results in the best model performance, several strategies could be taken for boosting the performance

further, like training models with larger segmentation and more annotated posts, performing multi-task learn-

ing, or constructing combinations of multiple classi�cation models. Third, it will be meaningful to investigate

how other online caregivers support or harm the ADRD caregivers who ask questions in the initial posts (or

submissions on Reddit) through the following comments. Another notable research direction is to consider

the extent to which the relationships between people suffering from ADRD and their caregivers (e.g., spouses,

children, or friends) impact the ADRD care experiences through using online social media data. In conclu-

sion, studying the challenges experienced by people with ADRD would be a valuable future endeavor.

7https://foundationinc.co/lab/reddit-statistics/
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3.5 Conclusions

In this study, we have applied structured topic modeling to analyze what are communicated in ADRD care

submissions on Reddit, and how such topics vary betweenADRD subredditsand non-ADRD subreddits.

We �nd that while Reddit covers the challenges and experiences that are commonly perceived by ADRD

caregivers, a large amount of such information is actually posted innon-ADRD subreddits, which have sig-

ni�cantly different topic prevalence fromADRD subreddits. To facilitate the topic analysis, we introduce a

two-stage machine learning framework to help identify submissions about ADRD care challenges and expe-

riences. The BERT-Fine-Tuning model built upon the 5,000 annotated submissions achieves an AUC of 0.94,

which signi�cantly outperforms traditional machine learning or other deep learning-based models. Despite

the merits of this investigation, future research should consider how online caregivers support each other in a

discussion thread as well as in a community over time.
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CHAPTER 4

Aim 2: Character Differentiation

“To care for those who once cared for us is one of the highest honors.”

—- Tia Walker

Design Overview

This study addressesAim 2 of the dissertation by examining and comparing the online behaviors of adult-

child and spousal caregivers for individuals with Alzheimer's Disease or Related Dementias (ADRD). Using

a large-scale dataset from ALZConnected, the study analyzes activity patterns, caregiving discussion themes,

sentiment dynamics, and classi�cation performance. The overarching goal is to understand the heterogene-

ity of caregiver needs and interactions based on kinship role, to guide more tailored support strategies for

different caregiver types.

In this study, to compare the online behaviors of adult children and spousal ADRD caregivers, we conduct

topic analysis, sentiment analysis and caregiver relationship classi�cation using the large-scale retrospective

data collected from ALZConnected1, an open online community powered by the Alzheimer's Association for

any person affected by ADRD in the US. Our study is guided by the support source-purpose matching theory

(Thoits, 2011; Song and Chang, 2012). According to this theory, social support, including informational

and emotional support, from socially and empirically similar caregivers, is more bene�cial for stress coping,

which increases caregiving knowledge and skills that match caregivers' needs. As a caregiver in ALZCon-

nected said, “I have learned so many valuable life lessons from my friends here. Keep sending in suggestions,

they are so helpful”.

4.1 Methods

This study is designated as exempt from human subjects research by the Institutional Review Board of Van-

derbilt University Medical Center. The online posts are publicly accessible through the ALZConnected online

community. In this paper, we only present results on an aggregated level, and any quotes presented are care-

fully rephrased to maintain the privacy of the corresponding users (Proferes et al., 2021).

4.1.1 Data Collection

ALZConnected is a free online community for caregivers and PLWDs to post questions, offer and receive

support, and make public and private groups around dementia-related topics and issues. ALZConnected
1https://alzconnected.org/categories/i-have-alzheimers-or-other-dementia
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allows individuals to read online discussions without registering for the platform. However, to use all of the

functions in ALZConnected, including publishing a post, individuals must register to become a member and

create an account on the platform. During registration, a user is asked to provide information about their

relationship with PLWDs. Registered users may choose to make such information visible to other logged-in

online users. ALZConnected has ten forums, each organizing online discussions into a collection of topic

threads. Each thread is initialized with the �rst post as thetop postand can contain many other posts called

comments.

For this study, we collected all the posts published in three main caregiver forums: 1)Caregivers Forum,

2) Spouse or Partner Caregiver Forum (referred to asSpouses Forumfor simplicity), and 3) Caregivers Who

Have Lost Someone Forum (referred to asLost Forum). While it is unlikely that a caregiver is active online

every day, in this paper, we de�ne theactive daysof a user as the number of days between the dates when the

user published the �rst and the most recent posts to improve the paper's readability.

4.1.2 Activity Statistics

We characterize caregivers' online activities along several dimensions: 1) posts and relationships; 2) views

and comments; and 3) posts and active days. To do so, we �rst identify all the self-reported relationships and

the corresponding post volumes to provide a big picture with respect to all the online caregivers. Second,

ALZConnected displays the number of views and comments for each topic thread publicly, which enables us

to compare these two statistics on a log scale separately for adult children and spousal caregivers. Reading and

posting are the two types of essential activities in online communities that can bene�t caregivers in different

ways. Third, we compare the distributions of the online posts and active days on a log scale separately for

adult children and spouses to gain insights into online activities for both short-term and long-term online

caregivers. To ensure that we do not take the logarithm of zero, we incorporate a weak uniform prior in the

form of a small pseudo count. Speci�cally, this was accomplished by adding 1 to each count.

4.1.3 Structural Topic Modeling

We apply structural topic modeling (STM) (Roberts et al., 2019b) totop poststo investigate the topic preva-

lence for adult children and spousal caregivers. In general, a caregiver initiates a topic thread by asking

a question or sharing their experience in the top post, while other caregivers make comments in response

below. Therefore, focusing on the top posts instead of comments enables an examination of the challenges

communicated by these caregivers. Furthermore, focusing on top posts can reduce the bias induced bysuper

active userswho published substantially more posts than others. STM allows for the integration of post-level

metadata (e.g., authorship) into the topic modeling process. In contrast to standard topic modeling methods
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like Latent Dirichlet Allocation, STM can provide better intuition into the dynamics of social representations

through a comparative view (Chandelier et al., 2018; Lindstedt, 2019).

We represent the type of caregiver relationships as a binary meta-variable into the model training, indi-

cating an indication of whether a top post was composed by an adult child or spouse. More speci�cally, we

extract the top posts from all the topic threads, remove stop words and special symbols, and drop the words

that appeared less than 10 times in the dataset. To determine the optimal number of topics in STM, we rely

on the measures ofexclusivity, which refers to the distinctiveness of the words with the highest frequencies in

the topic, andsemantic coherence, which quanti�es how the words in a topic frequently co-occur together in

general contexts. We choose the optimal topic number from a prede�ned list of [5,10,15,20,25,30] by �nding

the one that makes a trade-off between the two metrics.

To support the interpretation of the modeling results, we summarize each topic with a name and group

similar topics together. This summary was developed by authors through a manual review and discussion

of the top wordsranked by their probabilities in each topic and the �vepostswith the highest probabilities

of each topic. We also compare adult children and spousal caregivers with respect to topic prevalence. The

effectfor each topic is estimated by regressing the proportion of topics on a binary meta-variable that indicates

whether the top post was composed by a spousal caregiver as opposed to an adult child caregiver. Positive

(or negative) effects indicate that the corresponding topics are more likely to be posted by spousal (or adult

child) caregivers.

4.1.4 Sentiment Analysis

In this paper, we de�ne therelative daysof a post as the number of days since the �rst post of its author

was published. By re-aligning all the posts along their relative days rather than published dates (e.g., Oct 19,

2022), we can analyze how the sentiment of a caregiver's posts changes on average as the caregiver interacts

with others in the community over time. In recognition of the measurement bias that can be introduced by

applying off-the-shelf models to this dataset, we rely upon two existing popular sentiment tools to perform

the analysis, which we believe could provide better intuition than the application of a single model. The �rst

tool is the Valence Aware Dictionary for sEntiment Reasoning (VADER) (Hutto and Gilbert, 2014), which

is a rule-based model to evaluate the sentiment of a given text (Elbagir and Yang, 2019). VADER generates

a normalized, weighted compound score that has a range between -1, the most extreme negative sentiment,

and +1, the most positive sentiment. The second tool is Linguistic Inquiry and Word Count (LIWC), which

calculates the percentage of each linguistic category by mapping the words of a given text into the pre-de�ned

word list of the linguistic category. In this study, we focused on thenegative emotioncategory in LIWC.
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4.1.5 Classi�cation

4.1.5.1 Classi�cation Task

After performing the topic and sentiment analysis, we proceed to build machine learning models to classify

the caregiver relationships. To do so, we conduct apost-level predictionby predicting the relationship for

each post. We then perform auser-level predictionby applying a majority voting model to the prediction

labels of all of the posts of a caregiver. We represent the post-level prediction as a three-class classi�cation,

where each post is an instance and the label is the corresponding author's self-reported relationship. The latter

is mapped into one of the three relationship categories: 1)Adult Child, 2) Spouse, and 3)Other caregiver.

This multiclass classi�cation design enables the trained models to be readily applied to any other ADRD

forums.

4.1.5.2 Experiment Design

Since the post volume of each online caregiver followed a long-tailed distribution (see the Results section),

including all the available posts in model training will bias the �tted model to super active users. Therefore, to

balance between including more training data and mitigating the bias induced by the long-tailed distribution,

we propose a training and evaluation procedure as follows.

Data preparation: We remove posts with 10 or fewer words. This decision is based on a manual review

of 100 randomly selected posts, which shows that 83% are about greeting or gratitude, website URLs, or

incomplete sentences. We apply a strati�ed shuf�e split on user level and selected all the posts for 80% of

the caregivers as the training data, denoted byDtrain, and the remaining posts as test data, denoted byDtest.

In doing so, we ensure that the ratio of the user-level labels remained the same inDtrain andDtest and there

was no overlap in the authorship across the two datasets.

Models: We create four training subsets by selecting no more thani posts from each caregiver inDtrain,

wherei 2 1;5;10;100, as selecting an exacti number of posts may result in subsets that are either too small

due to data sparsity, or not diverse enough to capture the full range of variability of the data. We use each

subset to train a modelMi . We use Google Pretrained Bidirectional Encoder Representations from Trans-

formers (BERT) �ne-tuning model (“bert-base-uncased” in Transformer package v2.8.0) as the algorithm.

For a fair comparison, we con�gure each model with an embedding size as 256, batch size as 32, learning

rate as 2� 10� 5, and the number of training epochs as 10. It should be noted that in addition to the BERT

�ne-tuned model, we experimented with other models including Logistic Regression, Random Forests, and

a Bi-directional Long Short Term Memory with Attention. However, these models did not outperform the

BERT model and hence are not presented in this paper.

Evaluation: We group the caregivers inDtest into �ve bins based on their post volume. We calculate and
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compare the model performance in each user bin. Speci�cally, in each user bin, we randomly sample 80%

of caregivers and used all their posts as a test subset to calculate the macro Area Under the Precision-Recall

Curve (AUPRC), which is preferred when the labels are unbalanced. We repeat the process ten times and

report the mean and standard deviation of AUPRC. We also report precision, recall, and F1 for each type of

relationship prediction, and the overall macro AUPRC by counting the total true positives, false negatives and

false positives.

Temporal trend: In order to characterize the temporal patterns of the predictability of online posts in

determining relationships, we apply the model with the best performance to calculate the predicted probability

of the true label for each post. For example, if a post was composed by a spousal caregiver, we estimate the

probability that the model predicts the author as a spousal caregiver. In this task, we focus solely on adult

children and spousal caregivers and analyze the predicted probabilities along with therelative daysfor all the

caregivers in the test dataset.

4.2 Results

4.2.1 Activity Statistics

Table 4.1 summarizes the posts, users, and their active days in the three ALZConnected forums. In total, we

collected 534,205 posts that were published by 18,622 caregivers. Among these posts, 10.6% were top posts.

The majority of the posts were composed in the Caregivers Forum (53.8%, 287,556) and Spouses Forum

(44.6%, 238,068), while only a small proportion (1.6%, 8,581) was posted in Lost Forum. The caregivers

in the Spouses Forum were more active in posting (averaging 50 posts per user) compared to the Caregivers

Forum (18 posts per user) and the Lost Forum (12 posts per user), and they also had the largest mean active

days (829 days).

Table 4.1: The number of posts, users, and their active days in three ALZConnected forums.

Overall Caregivers Spouses Lost
No. Posts 534,205 287,556 238,068 8,581
No. Top Posts 56,737 34,840 20,767 1,130
No. Users 18,622 15,666 4,726 692
Mean Posts Per User 29 18 50 12
Mean Active Days 689 572 829 751

4.2.1.1 Posts and Relationships

Figure 4.1 presents the number of posts (left) and the number of unique users (right) for each type of self-

reported relationship in the three forums. The overall column counts the total number of posts and users in

each forum. Adult children caregivers (10,977, 60.2%) and spousal caregivers (4,356, 23.8%) constituted
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most of the users (84.1%) across the three forums. Together, they contributed most of the posts (93.3%)

in these three forums, with 213,851 adult children posts (42.1%) and 260,164 spousal posts (51.2%). This

observation was consistent with a previous study that showed adult children and spouses comprise the two

largest proportions of the informal caregivers for PLWDs.

Although most spousal (or adult children) posts were typically composed in theSpouses(or Caregivers)

Forum, we found that a signi�cant number of posts were made elsewhere. For example, 1,964 (45.1%)

spousal caregivers published 54,327 posts (20.0%) in theCaregivers Forum, while 746 (6.8%) adult chil-

dren caregivers generated 20,922 posts (9.2%) in theSpouses Forum. In addition, there were 586 (88.3%)

caregivers in theLost Forumwere either adult children or spouses. They composed 8,125 posts (96.3%)

in the forum. Other commonly reported relationships were relatives (18914, 3.7%), grandchildren (4191,

0.8%), friends (2891, 0.6%), siblings (2595, 0.5%), and neighbors (177, 0.03%), and together they con-

tributed 34,076 (5.7%) posts in the three forums. It should be noted that 5,308 posts (1.0%) were composed

by professional caregivers, which suggested a skewed but diverse ADRD caregiver population in this online

community.

Figure 4.1: The number of posts (left) and the number of users (right) by relationship types in the three
forums. The overall columns report the total number of posts and unique users, respectively.

4.2.1.2 Views and Comments

Figure 4.2 compares views and comments for the topic threads (on a log scale). It was evident that the

overwhelming majority of the density for the view of topic threads centered arounde7 � 1100 (with a range

from 43 to 285,450), with spousal topic threads receiving more views than adult children topic threads (under

a two-sample Kolmogorov-Smirnov test,d = 0.24,p< 0:001). By contrast, the distributions of the comments

for both types of caregivers had more modes and most of the comment numbers concentrate on 0, 1, and 7

(with a range from 0 to 2,359), which was far less than the views. The 100X difference indicated that
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the collective knowledge generated in this open community may be consumed by a much larger number

of caregivers who either do not have an account or seldom engage in online discussions. A two-sample

Kolmogorov-Smirnov test showed that spousal topic threads received slightly more comments than the adult

children topic threads (d = 0.10,p < 0:001).

Figure 4.2: The distribution of comments and views for each topic thread. X-axis is log-transformed for
visualization purpose.

4.2.1.3 Posts and Active Days

Figure 4.3 depicts the scatterplot of post volume and active days for each user (on a log scale). Our study

yielded several noteworthy �ndings. First, both post volume and active days followed a long-tailed distri-

bution, which revealed that only a small number of caregivers published a large number of posts and were

active for a long time. For example, the top 1% of the adult children (spousal) caregivers with the largest post

volume generated 56.5% (34.4%) of all of the adult children (spousal) posts. The number of posts ranged

from 1 to 18,662, while the number of active days ranged from 1 to 3,899. Second, except for online care-

givers who posted only once, most caregivers were short-term online users who published a limited number

of posts during a short period. For instance, 89.6% of the users published less than 50 posts and 87.1% were

active for less than two years. Although not shown in Figure 4.3, 54.8% of these short-term users were more
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Figure 4.3: A scatterplot of the posting volume and active days among the caregivers. The density plots of
both statistics are illustrated along the top and to the right.

likely to participate in online discussions within their own topic threads than respond to other caregivers'

topic threads. For these online users, how to address a speci�c caregiving challenge or question may consti-

tute the priority of their online activities. Third, among long-term users who published more than 50 posts

within an over two-year active period, 89.4% of them posted more on other caregivers' topic threads than

on their own topic threads. These caregivers, who are described as “veteran users” of the online community

(McDonald et al., 2016), preferred to interact with other online caregivers intensively. Under the two-sample

Kolmogorov-Smirnov test, spousal caregivers tended to publish more posts (d = 0.11, p < 0:001) and had

longer active days (d = 0.14,p < 0:001).

4.2.2 Caregiving Topics

The optimal number of topics was determined to be 25. Table 4.2 presents these topics, along with their most

representative words (Top words) based on the highest word probabilities in a topic and the expected topic

proportion (ETP) in the entire data that were used to train STM.

Caregiving discussions were mainly focused on four primary topic groups,Daily Caregiving Issues, Dis-
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ease Related, Sentiment and Relationship, together with some common verbs in online communications,

which we categorized asOthers. Particularly, theDisease Relatedtopic group had the largest proportion,

which contributed 32.3% of the discussion. The second largest topic group was about daily caregiving mat-

ters, which included#13 – sleeping issues(e.g., “My mom didn't sleep well last night, and now she's napping

during the day. Should I let her nap?”) and #11 – �nancial issues(e.g., “I am now my mom's social security

payee and I had to use my [bank name] to intervene in my mom's account because she gave the money to

a scammer” and other issues that were commonly reported in the literature (Figueiro et al., 2019; Richards

et al., 2022). In addition, the model generated three topics related to sentiments,#2 Gratitude, #3 Blessings,

and#7 Feelingswith negative words (e.g., hard, cri).

Table 4.2: Summary of the 25 topics. The words in each topic are ranked in decreasing order based on their
estimated probabilities. ETP = Expected Topic Proportion.

Group Topic # Top Words ETP
Daily
Caring Issues

12 take, home, day, work, will, time, hous, need, come, get 0.056

13 night, day, sleep, bed, didn't, walk, get, last, pain, hour 0.039
18 use, clean, get, bathroom, shower, put, cloth, room, �oor, wear 0.032
11 pay, money, phone, bill, check, get, insur, didn't, call, can 0.028
1 car, door, walk, open, hous, store, didn't, drive, light, key 0.028
14 dog, get, morn, hope, one, cat, ill, good, today, got 0.022
9 eat, food, drink, dinner, meal, feed, cook, water, weight, mouth 0.021

Disease Related 20 say, tri, thing, get, tell, talk, ask, someth, time, always 0.053
16 year, ago, month, now, stage, last, sinc, diagnos, past, week 0.053
15 memori, seem, chang, can, becom, time, often, word, still, even 0.043
24 care, home, facil, nurs, place, move, visit, assist, memori, staff 0.042
21 doctor, med, take, medic, hospit, day, agit, also, help, week 0.040
10 need, will, care, medic, make, health, issu, doctor, decis, state 0.035
25 test, dementia, alzheim, diseas, brain, diagnosi, symptom, neurologist 0.030
17 didn't, death, patient, program, covid, case, famili, provid, may, state 0.026

Sentiment 7 feel, husband, life, never, diseas, like, hard, ever, know, cri 0.044
2 love, day, time, friend, wife, happi, miss, watch, one, daughter 0.043
3 god, will, love, lord, peac, bless, pray, give, can, jesus 0.038

Relationship 8 mother, live, father, famili, sister, caregiv, parent, help, dementia, care 0.028
6 mom, dad, shes, brother, sister, visit, also, move, want, help 0.020

Others 4 just, know, dont, want, think, cant, realli, like, can, doesn't 0.082
5 thank, help, post, read, caregiv, can, anyon, �nd, mani, support 0.065
19 one, good, well, look, like, thing, lot, thought, way, new 0.050
22 said, call, told, got, didn't, ask, went, today, back, took 0.050
23 start, back, get, happen, stop, around, turn, head, just, hand 0.032

Figure 4.4 compares adult children and spousal caregivers with respect to topic prevalence. There are

several �ndings to highlight. First, although there was a smaller number of spousal caregivers than adult

children caregivers inALZConnected, spouses discussed a wider range of topics than adult children, including

#14 – traveling, #1 – transportation, #25 – Dementia, #17 – COVID-19, #18 – Showering, #15 – Loss of
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memory, and#16 – Disease diagnosis. This aligned well with the literature, which indicated that spousal

caregivers report a need to rede�ne their role and relationship with PLWDs (Dang et al., 2022).

Second, the two topics related to#6 & #8 – Relativesand#24 – Nursing homewere more frequently

discussed by adult children (e.g.,“[...] my mother will be moving to my sister's house and she will become

my mother's full time caregiver [...] My sister refuses to learn about dementia caregiving. I suggested [...]

move to her house with my mother for a few weeks [...] she thinks this is unnecessary.”). This suggested that

adult children faced more family con�icts when caring for PLWDs than spouses. In addition, adult children

seemed to discuss the medical topic(#21) more frequently than spouses.

Third, in the Sentiment topic group, adult children posted content about “praying” in the forums, such as

topic#3 Blessings(e.g., “And I will ask the Father [...] give you another Helper [...] to be with you forever”),

while spouses expressed more personal feeling during daily care, either gratitude or sadness, such as topic#2

Gratitude(e.g., “I remember when: We laughed together We cried together [...] We loved life together We got

through tough times together”) and#7 Feelings(e.g., “I feel guilty [...] for not being patient with my DH [...]

guilty about mentioning how hard it is to people who really don't understand and think I'm exaggerating.”).

Figure 4.4: A contrast of topic prevalence between adult child and spouse (with 95% con�dence intervals).
A positive (negative) value along the x-axis indicates that the topic is more prevalent among spousal (adult
child) caregivers.
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4.2.3 Sentiment Analysis

Figure 4.5: Sentiment in online posts according to the VADER compound sentiment score for adult children
(left) and spousal (right) caregivers. To improve readability, all of one day's scores are averaged into a single
point.

Figure 4.6: Sentiment in online posts according to the LIWC negative emotion score for adult children (left)
and spousal (right) caregivers. To improve readability, all of one day's scores are averaged into a single point.

Figures 4.5 and 4.6 illustrate how sentiment changed over time by the VADER compound score and

LIWC negative emotion, respectively. To improve readability, we averaged the VADER compound scores

or LIWC negative emotion for each of the caregivers during an active day into a single point. The linear

interpolation and its 95% con�dence interval are shown in Figures 5 and 6.

As shown in Figure 4.5, which corresponds to the VADER compound score, the average sentiments

for both caregiver types were consistently above 0.4 and maintained an increasing trend. In comparison to

spouses, adult children exhibited a greater growth rate in theVADER compound score. The Spearman rank-

order correlation between theVADER compound scoreandrelative daysfor adult children and spouses were
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0.42 and 0.17 (p < 0:001), respectively. This observation is in agreement with a previous �nding that spousal

caregivers expressed both gratitude and negative feelings relatively more than adult child caregivers (Cheung

et al., 2018). Meanwhile, according to theLIWC negative emotion, as shown in Figure 4.6, both caregiver

types exhibited a decrease in negative emotion over time. The Spearman rank-order correlation between

theLIWC negative emotionandrelative daysfor adult children and spousal caregivers were -0.36 and -0.44

(p < 0:001), respectively. The improved sentiment over time echoes the �nding in a prior study that showed

a caregiver's engagement in an online community is related to a reduction in depressive symptoms.

4.2.4 Classi�cation

After �ltering out the posts with 10 or fewer words, there were 508,030 posts composed by 18,412 caregivers.

The ratio of user-level labels was 59/24/17 in class ofAdult Child/ Spouse/ Other. The four training subsets in

Dtrain, wherei 2 1;5;10;100, were corresponding to 4%, 9%, 13%, and 34% percentile of all the caregivers

in Dtrain based on their post volume. The �ve bins of the test subsets were corresponding to 41% (1%), 34%

(3%), 13% (4%), 9% (15%), 3% (77%) of the caregivers (posts) inDtest.

4.2.4.1 Model Performance

Table 4.3 presents the overall model performance. There are several notable �ndings we wish to highlight.

First,M100 achieved the best AUPRC in post-level prediction (73.7%), whileM10 achieved the best AUPRC

in user-level prediction (81.3%). Both of them signi�cantly outperformed the second-best model under a

t-test p < 0:001. Second, due to the imbalanced labels, all the models had lower model performance in

classifyingOtherthan classifyingAdult ChildandSpouse. Third, the models trained using a smaller number

of user posts (e.g., M1 and M5) had better performance in predictingAdult Child in both tasks, while the

models trained using a larger number of user posts (e.g., M10 and M100) had better performance in predicting

Spousein both tasks. These observations con�rm the necessity to examine model performance in different

user bins based on the number of their published posts.

Figure 4.7 displays the model performance score of AUPRC in user bins, which reveals several interest-

ing �ndings. First, as post volume increased, allMi resulted in an increased AUPRC in user-level prediction,

except in the(100;¥ ) bin, but a decreased AUPRC in post-level prediction. Although AUPRC in post-level

prediction dropped slightly from bin[1;1] to bin(10;100], AUPRC in user-level prediction increased dramat-

ically. This is because more posts lead to a better majority vote. However, in the(100;¥ ) bin, AUPRC in

post-level prediction dropped dramatically, which led to a drop in the user-level prediction. Second,M1 per-

formed worst in most scenarios, suggesting that the sampling of one post strategy leads to under�tted models.

By contrast, althoughM100 had the best AUPRC (see Table 4) in post-level prediction, it only outperformed
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Table 4.3: Performance of prediction at the post and user level for the machine learning models. All values
are percentages. Best performances are italicized. (Prec: Precision; Rec: Recall)

Task Post-Level Prediction (%) User-Level Prediction (%)
M1 M5 M10 M100 M1 M5 M10 M100

Child
Prec. 61.2(0.04) 63.2(0.04) 61.6(0.04) 62.3(0.03) 81.4(0.13) 86.4(0.17) 85.7(0.19) 85.4(0.19)
Rec. 81.8(0.05) 76.7(0.06) 78.7(0.06) 78.5(0.04) 94.3(0.15) 92.7(0.17) 93.4(0.14) 93.0(0.18)
F1 70.0(0.04) 69.3(0.04) 69.1(0.04) 69.5(0.03) 87.4(0.09) 89.5(0.12) 89.4(0.12) 89.1(0.12)

Spouse
Prec. 83.7(0.06) 81.2(0.03) 81.6(0.05) 80.9(0.05) 81.9(0.40) 81.1(0.33) 82.4(0.38) 80.2(0.52)
Rec. 57.7(0.06) 65.4(0.60) 64.9(0.06) 67.8(0.07) 87.5(0.41) 90.6(0.34) 91.4(0.34) 91.3(0.33)
F1 68.3(0.05) 72.5(0.04) 72.3(0.05) 73.8(0.06) 85.6(0.26) 85.6(0.27) 86.7(0.25) 85.4(0.34)

Other
Prec. 14.8(0.08) 20.0(0.10) 21.6(0.15) 23.4(0.12) 66.6(0.76) 74.9(0.54) 77.6(0.58) 76.3(0.46)
Rec. 20.9(0.14) 25.0(0.16) 21.7(0.15) 18.8(0.12) 24.8(0.49) 44.6(0.78) 42.6(0.79) 39.5(0.68)
F1 17.3(0.10) 22.2(0.13) 21.7(0.15) 20.9(0.12) 36.1(0.60) 55.9(0.70) 55.0(0.75) 52.0(0.66)

AUPRC (macro) 71.6(0.04) 72.8(0.04) 72.8(0.05) 73.7(0.05) 75.9(0.18) 80.6(0.25) 81.3(0.21) 80.4(0.26)

other models at a statistically signi�cant level (t-test,p < 0:001) in bin(100;¥ ) which contained much more

posts than other bins. Notably, M10 outperformed M100 in a statistically signi�cant manner (t-test,p< 0:001)

in bin (10,100].

Figure 4.7: User-level (left) and post-level (right) model performance, in terms of AUPRC, of different user
bins in the test dataset.

4.2.4.2 Error Analysis

We performed an error analysis of the classi�cation outputs fromM10, which had the best user-level pre-

diction and less bias towards super active users when compared toM100, to understand the challenge of the

prediction tasks.

Figure 4.8 depicts the confusion matrix for the entire test for both post- and user-level predictions. The

most dif�cult task is to distinguishOther from Adult Child. For example, the misclassi�ed ratio between

Adult Child vs OtherandSpouse vs Otherwas 296 + 57
70 + 6 � 4:6 in user-level prediction, and967 + 280

296 + 94 � 3:2
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in post-level prediction, compared to59
24 � 2:5, the ratio betweenAdult Child andSpousein Dtrain. After

a manual examination, we observed that many caregivers reporting relative relationships with PLWDs were

children-in-law of PLWDs. Here is one such example: “We moved the MIL to our neighborhood [...] She

is always mad at FIL [...] We would like to know how to ease her mood, [...].”, which is labeled asOther

but predicted asAdult Child. We also observed that most of the 100 randomly selected misclassi�ed posts

were short comments expressing gratitude or asking follow-up questions, posts that either mentioned multiple

relationships within a long, complex story or did not mention any speci�c relationship, or posts that asked

about balanced living or �nancial issues. For example, “[NAME], bless you for helping your mom... one

person carries a daunting responsibility.” was predicted asAdult Child but it was actually composed by an

Othercaregiver.

Figure 4.8: Confusion matrix of the M10 output for post-level (left) and user-level (right) predictions.

4.2.4.3 Temporal Patterns

Figure 4.9 illustrates the temporal patterns in the prediction probability for the 87,326 posts from 3,039 adult

children and spousal caregivers inDtest. To improve readability, each point in the �gures corresponds to the

mean value of the prediction probabilities for a relative day. A linear interpolation and its 95% con�dence

interval are also shown in each sub-�gure. There was a decreasing temporal trend for both caregiver types.

ForAdult ChildandSpouse, the Spearman's rank correlation between the probabilities andrelative dayswas

0.40 and -0.09p< 0:001, respectively. Notably, the longer a caregiver was active in the online community, the

more challenging it became to classify the author�s relationship for a post. This suggests that caregivers shifted

their discussion focuses over time. Considering that long-term or veteran users were more likely to comment

on other caregivers' topic threads, some of them might become a specialist or a generalist in this ADRD

caregiving online community (Waller and Anderson, 2019). However, this phenomenon was less evident

among spousal caregivers, indicating their relatively more consistent caregiving experience, regardless of the

dynamic trajectory of informal caregiving for PLWDs (van den Kieboom et al., 2020).
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Figure 4.9: Prediction of caregiver relationship with PLWDs over time for adult children (left) and spouses
(right).

4.3 Discussion

4.3.1 Principal Findings

This study reports on the online behaviors of adult child and spousal caregivers in a large online community.

There are several principal �ndings of merit. First, ADRD caregivers are diverse in terms of their relationships

with PLWDs, as well as in the ways they utilize social support in the online community. For example, the high

volume of views in ALZConnected indicates that many online users are “lurkers” or collective knowledge

consumers who mostly read online discussions (Gazit et al., 2018). These online caregivers, however, are

often neglected by researchers due to a lack of their online voices. Moreover, a majority of the online

caregivers who write posts, known as collective knowledge producers, are short-term users. This brevity in

platform use is most likely an artifact of their focus on addressing a speci�c caregiving issue. In recognition

of this observation, in addition to the typical goal in the literature to improve caregivers' long-term well-being

(Leszko, 2020), research should aim to solve the short-term needs of most online caregivers as well.

Notably, though the largest proportion of informal ADRD caregivers in the US are spouses (McKechnie

et al., 2014), there were more adult children than spousal caregivers in ALZConnected. This may be due, in

part, to the fact that the younger generation is more likely to use the Internet. However, spouses tended to

publish relatively more posts and actively participate longer in ALZConnected than adult children. Spousal

topic threads also received more comments than adult children topic threads. Our content analysis showed

that adult children and spousal caregivers shared many common concerns around issues related to living,

sleeping, diets, and �nance. However, spouses were more likely to discuss other caregiving-related issues,

such as showering, transportation, disease diagnosis, and the COVID-19 pandemic. Our sentiment analysis

suggests that both caregiver types experienced an increasing positive sentiment over time in this community,
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indicating a positive impact on the emotional well-being of caregivers who pursued long-term online support.

This is consistent with �ndings from observational studies that indicate participating in online communities

reduces caregivers' stress levels (Wilkerson et al., 2018; Leszko, 2020). However, spousal caregivers had

relatively lower sentiment improvement, which, together with their wider range of caregiving discussions

(see Figures 5 and 6), suggests that they experience more complex challenges than adult children caregivers.

The best classi�er obtained an AUPRC of 81.3% on the user-level prediction. From an algorithmic

perspective, our work contributed to an important biomedical research �eld in estimating online users' so-

ciodemographic factors from their posts (Shrestha et al., 2016; Black et al., 2022). The decreasing trend in

the probability curves on the posting timeline for both caregiver types suggests that online caregivers tended

to change or expand their discussion scope over time. This is because these long-term online caregivers are

more likely to support other caregivers by composing comments. Community organizers should consider in-

troducing new members to join in the community and foster these “veteran users” to sustain the community.

Again, the trend of a relatively lower decreasing prediction probability for spousal caregivers provided more

evidence that they behave differently from adult children caregivers. Thus, we believe that research aiming

to assist them using online social support should design strategies according to the relationship type. The

error analysis showed that the model was more likely to make wrong predictions between adult children and

other caregivers, who, based on a manual examination of the posts, were found to be more likely to be the

children-in-law of PLWDs. This suggests that children-in-law caregivers, although a small proportion, may

share similar caregiving experiences or challenges with adult children caregivers, and should receive attention

from the research community and society as well (Pinquart and Sörensen, 2011).

More broadly, our �ndings imply that open online communities such as ALZConnected can be leveraged

to provide suf�cient informational or emotional support to a wide range of informal ADRD caregivers, es-

pecially to those who live in the rural area where local support services or resources are generally limited

(Williamson et al., 2020), and those who hesitate to seek of�ine support due to courtesy stigma (Velilla et al.,

2022). However, any such translational research is recommended to consider the following issues to ensure

fairness and effectiveness of accessing and utilizing online social support: (1) the digital divide caused by

either unavailable high-speed internet, low eHealth literacy or intensive caregiving activities (Arighi et al.,

2021), (2) the misinformation or misconceptions regarding the diseases or related treatments (Cheng et al.,

2018), and (3) any potential hatred language that are not uncommon in online environments (Castaño-Pulgaŕ�n

et al., 2021).
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4.3.2 Limitations and Future Work

Despite the merit of our �ndings, there are several limitations to our study that can serve as the basis for future

research. First, our research focused on a single online community, which may limit the generalizability of

our �ndings. However, since ALZConnected is one of the largest ADRD online communities, these �ndings

should be informative to guide future research in this area. Second, we were unable to examine the online

behaviors of“lurker” caregivers or include the socio-demographic characteristics (e.g., age, gender, sexual-

ity, and race/ethnicity) of online users in our analysis, due to a lack of availability of such data in general

online environments. Thus, we believe that future research can consider incorporating surveys with users to

complement the research �ndings drawn from merely online posts. Third, we only examined the sentiment

encoded in the online discussions. There is clearly an opportunity for investigations that integrate obser-

vational research into the study to help measure the psychological well-being of online caregivers, which,

together with computational methods, examine how exactly online interactions could improve a caregiver's

well-being. Fourth, we did not evaluate the prediction models in other online communities. This is deemed

to be outside the scope of this study as it requires an intensive survey to collect gold-standard relationship

information.

4.4 Conclusions

To the best of our knowledge, this is the �rst study to examine and compare the online behaviors of adult

children and spousal ADRD caregivers in a large open online community. Our results show that these two

caregiver groups exhibited different online behaviors, with spousal caregivers posting more frequently and

discussing a wider range of caregiving issues. These observations indicate that spouses experience more

complex challenges than adult children. Researchers and community organizers should take into account the

heterogeneity of online behaviors, which is likely to be due to different caregiving experiences, to improve

the online experience of different types of caregivers. Further research can be applied to explore how online

interactions can address speci�c caregiving challenges at the topic thread level and bene�t both short-term

problem-solving and long-term social integration.
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CHAPTER 5

Aim 3: Sentiment Analysis of Online Alzheimer's Communities

“Alone we can do so little; together we can do so much.”

—- Helen Keller

Design Overview

This study addressesAim 3 of the dissertation by analyzing how informal caregivers of people with Alzheimer's

Disease and Related Dementias (ADRD) experience sentiment change through participation in two online

communities, ALZConnected and TalkingPoint. It examines how sentiment evolves over time, within dis-

cussion threads, and in response to speci�c caregiving topics, thereby offering computational evidence on the

emotional bene�ts and challenges associated with peer-based online support.

In this study, we investigate the changes in the sentiment exhibited by informal ADRD caregivers through

their published online posts in two large online communities, ALZConnected and TalkingPoint. ALZCon-

nected is an online community powered by the Alzheimer's Association for any person affected by ADRD

in North America, while TalkingPoint is an online ADRD community organized by the Alzheimer's Society

from the UK. The selection of these platforms was based on their substantial user base, which provides a rich

dataset for analysis, and their focus on ADRD, ensuring that the study's insights are directly applicable to

this group. Online peer support has been shown to offer a wide range of bene�ts, including informational and

emotional support Setoyama et al. (2011); Liu et al. (2022a), which should also be valuable for caregivers

facing the complex challenges of ADRD. Therefore, we hypothesize that the sentiment of informal ADRD

caregivers revealed in their published posts will be improved after interacting with other online caregivers.

Speci�cally, we investigated the following three research questions to test this hypothesis:

• RQ1: How did the sentiment of the topic initiator change within a topic thread?

• RQ2: What topics in initial posts were associated with sentiment change?

• RQ3: How did the sentiment of an online caregiver change over time within the community?

To investigate these questions, we apply sentiment analysis and statistical methods to determine whether

engaging in online communities can provide emotional bene�ts to informal ADRD caregivers.
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5.1 Methods

For context, there are several key terms that we rely upon in this paper. Online communities generally

structure discussions into disparate topic threads. Each thread is de�ned as an initial post followed by several

subsequent comments, where these comments contribute to the ongoing discussion initiated by the original

post. We refer to the user who initiates a topic thread as the “topic initiator” of the topic thread. The comments

published by topic initiators within their own topic threads are called “self-comments”.

5.1.1 Data Collection and Preprocessing

We collected data from two large, representative online communities that create a unique environment for

ADRD caregiving discussions: 1) ALZConnected1 and 2) TalkingPoint2. ALZConnected was established by

the Alzheimer's Association Jack Jr et al. (2011) as the �rst and the largest online community for any person

affected by ADRD in North America. TalkingPoint, on the other hand, is an online community organized by

the Alzheimer's Society Prince et al. (2014) in the UK for PLWD or their caregivers to share information,

advice, and support with one another.

We focused our analysis on a speci�c subset of forums that are dedicated to ADRD caregivers who

share caregiving experiences, seek assistance, and engage in caregiving discussions. To ensure relevance and

coherence, we conducted a preliminary selection process, manually reviewing the top 20 most viewed or

commented posts within each relevant forum to assess their alignment with caregiving topics. This selection

process was designed to retain the vast majority of relevant posts while excluding those that were not rele-

vant to our study, such as posts from individuals with ADRD themselves or from forum administrators. In

TalkingPoint, we focused on users with a label of aregistered useror new member. In ALZConnected, we

focused on users who self-identi�ed as ADRD caregivers. The selection criteria varied between forums due

to differences in their search functionalities and user engagement metrics.

We gathered all publicly accessible data from these two communities using a web crawler built with

theBeautifulSoup v4.11 Python package. We removed punctuation, special characters and emojis, and

converted the text to lowercase.

Ethical Considerations: Our research was deemed to be exempt from human subjects research by the

Institutional Review Board (IRB) at Vanderbilt University Medical Center. All quoted texts have been para-

phrased to prevent user identi�cation.

1https://www.alzconnected.org/
2https://www.alzheimers.org.uk/get-support/dementia-talking-point-our-online-community
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5.1.2 Sentiment Evaluation

To mitigate measurement bias that can result from applying off-the-shelf models on our dataset, we ap-

plied two popular sentiment analysis tools, speci�cally, Valence Aware Dictionary for Sentiment Reasoning

(VADER) Hutto and Gilbert (2014) and Linguistic Inquiry and Word Count (LIWC) Pennebaker et al. (2015),

to calculate the sentiment scores of online communications to quantify the overall sentiment expressed. These

tools were chosen for their ability to consistently analyze large volumes of text data, making them suitable

for our study. While they do not have traditional performance metrics like accuracy or F1 score, they have

been validated in numerous studies for their reliability in sentiment analysis.

VADER is a module of NLTK (The Natural Language Toolkit) that provides sentiment ratings based

on the words used. It operates as a rule-based sentiment analyzer, where terms are categorized as positive

or negative based on their semantic orientation. In our study, we selected the VADER compound score,

calculated by summing the valence scores of each word in the lexicon and then normalizing it to a range

between -1 (most extreme negative) and +1 (most extreme positive), as the sentiment evaluation score.

LIWC calculates the percentage of words in each linguistic category by mapping the words of a given

text into a pre-de�ned word list of that category Chung and Pennebaker (2012). This tool has been widely

adopted in online content-based research Saha et al. (2022). In this study, we focused on the tone category in

LIWC, which summarizes the two dimensions of positive and negative emotions into a single variable. The

LIWC tone score ranged from 0 to 100 (%), with higher scores indicating a more positive emotional tone.

The delineation occurred at 50(%), where scores above (below) indicated a positive (negative) tone. In this

study, we standardized the LIWC tone score to a range of -1 to 1 to align it with the VADER score range.

The sentiment score, as calculated by VADER and LIWC, re�ects the emotional tone inferred from the

text and serves as a proxy for emotional support in our study. For example, the post “Hi kids! I want to

take a moment to thank all the veterans and their families on this forum...” received a predominantly positive

sentiment (VADER 0.94, LIWC tone 0.98), while the post “My mother has lived with my husband and

me for a year and I have always felt frustrated and resentful towards her...” was evaluated as predominantly

negative (VADER -0.96, LIWC tone -0.84). “Emotional support” is de�ned here as the presence of supportive

feedback inferred from positive shifts in sentiment scores following responses to a user's posts, which will

guide our analysis of the changes in sentiment throughout the subsequent research questions.

5.1.3 RQ1: Sentiment Changes of Topic Initiators

To measure a topic initiator's sentiment score changes within a topic thread, we focused on the topic initiators

who published at leastM(M > 0) self-comments with a topic thread. This threshold ensures that the topic

initiator contributes suf�cient conversational involvement. In this study,M was set to a value that ensured at
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least 95% of the users posted at mostM self-comments.

For each topic thread with at leastM self-comments, we de�ne an array,S= [ S0; S1; :::; SM], to represent

the sentiment scores of the initial post and the followingM self-comments in chronological order. As such,

S0 is the sentiment score of the initial post, while theSi wherei 2 f 1; :::; Mg is the sentiment score of the

ith self-comment. We de�ned sentiment change; S4 , as the difference between the average sentiment score

of M self-comments and the initial post's sentiment score:S4 = Sm;S0, whereSm = å m
i= 1

Si
m, andm� M. We

analyzed the sentiment score changes and generated distributions of these changes with a 95% con�dence

interval (CI).

To address potential bias from highly active users who contributed a large number of topic threads, we

repeated the comparison by randomly selecting a group ofP 2 f 5%; 10%; 25%; 50%g of the total num-

ber of topic threads in each community. We conducted a pairwise t-test to evaluate the difference between

[S0
0;S1

0; :::;SN;1
0 ]and[S0

m;S1
m; :::;SN;1

m ], whereN represents the number of selected topic threads in each com-

parison. We examined the difference at the signi�cance level ofa = 0:05=4 with Bonferroni correction.

This adjustment ensures that the error rate remains at the conventional 5% level across all four of our testing

groups.

5.1.4 RQ2: Association between Sentiment Changes and Initial Post Topics

We employed the structural topic model (STM) Roberts et al. (2019a) to infer the topics that were commu-

nicated in the initial posts, with the subsequent goal of exploring their correlation with sentiment changes.

STM is an advanced modeling technique that allows for the incorporation of document-level metadata to

inform the discovery of topics within textual data. This unsupervised machine learning approach is particu-

larly adept at handling large, unstructured datasets by identifying latent thematic structures without the need

for pre-assigned labels. This capability makes it an excellent tool for exploring the vast and varied content

found in online caregiver discussions, where topics may not be clearly de�ned in advance. Next, we applied

Ordinary Least Squares (OLS) regression, as implemented in the Python packagestatmodels(v 0.14.0), to

investigate what kinds of topics in the initial posts are associated with sentiment change.

Before applying topic modeling on the initial posts, we removed stop words and special symbols and

discarded words that occurred less than 10 times in the dataset. Since STM is an unsupervised machine

learning strategy, we rely on two metrics, exclusivity and semantic coherence, to determine the appropriate

number of generated topics. Exclusivity refers to the uniqueness of the most frequent words in a topic, while

semantic coherence Mimno et al. (2011) quanti�es the co-occurrence of words in a topic in a general context

or all the posts. We assess STM for topic numbers ranging from 5 to 30 and select the optimal numberK of

topics for further analysis.
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Subsequently, we rank the topics by their prevalence across all documents, a process that involves exam-

ining the expected proportion of words in each document attributed to each topic. We calculate the expected

topic proportions (ETP) using theestimateEffectfunction in the STM package. With this distribution, we

conducted a regression analysis where the topic proportions served as independent variables, and thechanges

in sentiment scores, which were calculated by VADER compound scores or LIWC tone changes, served as

the dependent variable. In this regression, we only considered the topics that held an ETP greater than the

mean ETP of K topics. For instance, in a model with 20 topics, we would expect an ETP of 5% per topic

(1/20 or 100%/20) on average and only include topics that exceeded 5% in the regression analysis for each

initial post.

5.1.5 RQ3: Temporal Changes of Caregiver Sentiment

We de�ned the active time of an online caregiver in the community, up to the point of writing a speci�c

post, as the duration from their account registration to the posting date of that particular post. We analyzed

sentiment changes over various �xed time intervals, as one week, two weeks, one month, three months, six

months, one year, three years, �ve years, and ten years. For each time interval, we selected posts from active

users who had contributed within the designated time frame (0 to the speci�c interval) and continued to post

at least once after that period. For example, to assess sentiment changes for active users within one year, we

only consider users who have published at least two posts (either initial posts or comments) within a year

and still have at least one post beyond the one-year period. As such, we ensure that every user included in a

time-period analysis is still active in contributing posts. We focused on time intervals where at least half of

the users remained active.

To quantify the change in sentiment for active users over time, we plotted linear interpolation lines with

95% con�dence intervals to analyze trends in the sentiment values of each individual user. We calculated

Spearman's coef�cient of correlation Hauke and Kossowski (2011) to analyze similarities in trends across

communities, as well as to validate results across different sentiment analysis tools.

5.2 Results

5.2.1 Basic Statistics

We collected data from ALZConnected from November 14, 2011, to August 6, 2022, and TalkingPoint from

March 31, 2003, to November 3, 2022. Table 5.1 provides basic statistics for both datasets. The different

time periods for each dataset re�ect the respective forum's establishment dates and the availability of their

archival data, with no inter-community comparison being made.

The ALZConnected dataset covers 532,992 posts, consisting of 57,641 topic threads and 475,351 com-
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Table 5.1: Summary statistics for the datasets in this study.

Community
Total
Posts

Topic
Threads

Comments Authors
Topic

Initiators
Commentors

Time
Period

ALZConnected 532,992 57,641 475,351 18,569 12,590 14,964
Nov 14, 2011
– Aug 6, 2022

TalkingPoint 846,344 81,068 765,276 34,551 27,907 26,651
Mar 31, 2003
– Nov 3, 2022

ments. It involves 18,569 unique users, 12,590 (67.8%) of which are topic initiators and 14,964 (80.1%) are

commenters, indicating that a non-trivial proportion of users engage in both creating and discussing content.

The TalkingPoint dataset covers 846,344 posts, consisting of 81,068 topic threads and 765,276 comments.

It involves 34,551 unique users, 27,907 (80.7%) of which are topic initiators and 26,651 (77.1%) are com-

menters.

Both datasets exhibit a long-tailed distribution with respect to the number of comments per topic thread

(Figure 5.1(a)(c)). For example, most topic threads contain around 10 comments while a few inspire extensive

dialogue. Similarly, the distribution of posts per user (Figure 5.1(b)(d)) indicates that, although many users

occasionally participate, a small subset of highly active users contribute the majority of the content. These

phenomena hold true in both ALZConnected and TalkingPoint. The consistency in posting and user activity

patterns across both communities highlights common behaviors in user engagement within online caregiving

forums.

Figure 5.1: The distribution of the number of comments per topic thread (a)(c) and the number of posts per
user (b)(d) in the ALZConnected and TalkingPoint online communities. The plots show the log-scaled x-axis
for ease of viewing.

5.2.2 RQ1 (Sentiment Change of Topic Initiator)

After removing threads lacking self-comments, there were 30,739 topic threads (53.3%) from ALZConnected

and 53,995 (66.6%) from TalkingPoint, comprising 79,869 and 181,049 self-comments, respectively. In

ALZConnected, 95% of the topic initiators have fewer than 6 self-comments, while in TalkingPoint, 95% of
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the topic initiators have fewer than 8 self-comments. To minimize the in�uence of highly active users, we

focused on measuring sentiment changes for the �rstM = 10 self-comments, encompassing 30,209 (98.3%)

and 52,370 (97.0%) of topic threads, respectively in ALZConnected and TalkingPoint.

Figure 5.2 shows how the sentiment score changes within a 95% con�dence interval, in terms of VADER

compound (Figure 5.2a) and LIWC tone (Figure 5.2b), throughout the count of self-commentsm. Them= 0

on the x-axis corresponds to the initial sentiment scoreS0 while m> 0 corresponds to the average score of

the �rst M self-commentsSm. For example, a post in ALZConnected stated,

I am overwhelmed with sadness. This entire week, my husband's condition has worsened, leaving

him �xated on repetitive thoughts that I cannot divert. . . (rephrased)

, with initial sentiment scores (VADER -0.85, LIWC -0.88). After receiving comments from three users,

the caregiver's follow-up post showed, “Thank you for your response... My husband, diagnosed with early

onset Alzheimer's �ve years ago, isn't physically ill, yet we face immense challenges. (rephrased)” with

sentiment scores improving to (VADER 0.54, LIWC -0.48). Thus, it is evident that initial engagement in

online community discussions is associated with a notable increase in sentiment scores, suggesting prompt

emotional support for topic initiators (RQ1). Both VADER and LIWC indicate a substantial increase in the

sentiment score as the number of self-commentsM grows from 0 to 1. This is followed by a slow, gradual

increase as the number of self-comments further increases. This suggests that online community interactions

effectively provide prompt emotional support to topic initiators. However, these positive changes in sentiment

do not escalate rapidly with the frequency of topic initiators' activities within the online communities.

VADER and LIWC show different patterns of changes in sentiment scores. Notably, the VADER com-

pound score indicates a higher initial sentiment in ALZConnected compared to TalkingPoint. However, when

the number of self-comments exceeds 1, the sentiment value in TalkingPoint surpasses that of ALZConnected.

Conversely, the LIWC tone score shows an opposite trend, though the differences between the two communi-

ties are less distinct. This dissimilarity might arise from variations in the training corpora utilized by VADER

and LIWC.

We investigated whether the initial sentiment signi�cantly differed from the average sentiment across

up to the �rst ten self-comments. The results indicated statistically signi�cant differences between the two

sentiment values in both online communities for all test groups, with p-values approaching 0, which is sig-

ni�cantly lower than the signi�cance level ofa = 0:0125 (Bonferroni-corrected froma = 0:05=4. These

�ndings emphasize that online interactions have a prompt and noticeable impact on the sentiment of online

caregivers.
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Figure 5.2: Sentiment changes as a function of the number of self-comments. The x-axis indicates the count
of self-comments. For example,m= 2 represents the average sentiment of the �rst two self-comments under
each author's thread.

5.2.3 RQ2 (Sentiment Changes Correlates with Initial Post Topics)

In determining the ideal number of topics for our STM, we evaluated metrics of exclusivity and semantic

coherence across a spectrum ranging from 5 to 30 topics. The analysis indicated that a set of 20 topics

achieved an optimal balance between word distinctiveness and thematic relevance. Thus, we retrained STM

on this number of topics. Figure 5.3 visualizes this topic modeling, showing the most representative words

for each topic and indicating the relative topic proportions, which quantitatively re�ect the prevalence of each

topic across all analyzed documents.

Figure 5.3: Topics generated by STM, sorted in decreasing order of expected topic proportions. The propor-
tion of each topic is shown to the right of each bar, while the top 8 most representative words in the topic are
shown to the right.

From Figure 5.3, it was evident that several topics were related to sentiment. For instance, topic #13,

which is about ”family members feelings”, is characterized by frequent words like ”feel”, ”love”, and ”sad”.

The estimated topic proportion (ETP) of this topic is 5.4%, which stands out as notably high when considering
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an even distribution across 20 topics would average 5% per topic. This suggests that discussions related to

family members' feelings are more prevalent in the data set than what would be expected by chance. The

following posts are representative examples of this topic:

Sadly, I am letting you all know that my poor mother has left this earth; she passed away peace-

fully surrounded by her family (rephrased).

and

I miss my husband every day, he is getting further away from us. . . This disease has taken away

his mind, I feel exhausted, and life is not fun at all (rephrased).

These topics are related to sentiment changes and offer insights into the deeply personal and heartfelt

experiences of community members. Additionally, we identi�ed topics that convey speci�c emotional ac-

tions. For example, topic #2 contains the keywords ”cries” and ”laughter”, re�ecting the diverse sentimental

landscape caregivers are facing. A typical initial post from this topic is:

When I was a little boy, I often dropped my spoon, and now my old man does the same thing,

which makes me laugh and cry at the same time. (rephrase)

In addition to sentiment-related topics, we identi�ed other commonly discussed topics. For example,

Topic #4 (dementia, advic, diagnos) delved into information related to diagnosis and treatment, providing

a relatively objective description. Topic #14 (bed, sleep, shower) centered around caring for PLWD's daily

life, while Topic #16 (pay, money, account) was about �nancial matters. Notably, Topic #1 (mother, father,

wife) and Topic #09 (husband, son, daughter) speci�cally addressed personal relationships such as those

with spouses or adult children. Those topics aligns with previous studies, which have shown that spousal

caregivers and adult-child caregivers make up a signi�cant portion of informal ADRD caregivers Statz et al.

(2021).

To clarify the relationship between the content of initial posts and subsequent changes in sentiment scores,

as outlined in RQ2, we present in Figure 5.4 the in�uence of each topic on the VADER compound sentiment

scores. This analysis indicates that most topics are statistically signi�cant (p � 0:05), indicating that various

topics are signi�cantly linked to sentiment changes within the topic threads.

When considering speci�c topics, Topic #9 (husband, mil, drive), exhibits the highest positive correlation

with changes in the VADER compound score. This topic talks about family relationships and daily life. This

suggests that many online users �nd comfort in sharing their daily experiences and connecting with others.

As a result, emotions tend to become more positive as individuals engage in such sharing and communication.
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By contrast, the most negatively related topic is Topic #20 (day, morn, good), which is primarily related to

time. This topic illustrates how, as time progresses, the sentiments expressed by caregivers tend to become

more negative, possibly due to the progressive nature of dementia. For example, a representative initial post

on this topic starts optimistically,

Good morning, we are already halfway through March... enjoy the day, it's looking good

(rephrased) (VADER compound of 0.97).

However, as the thread continues, the same author later expresses increasing despair:

Hi [name], not a very good afternoon... Every year I try to �nish it by February, but time �ies so

fast... Things are getting worse for [name]. I hope there is no reincarnation because things are

going to be terrible here in a hundred years (rephrased). (VADER compound -0.96).

This transition from a positive to a negative tone, marked by the signi�cant shift in VADER scores, re�ects

the worsening symptoms over time and the understandable decline in caregivers' moods.

Furthermore, topics directly tied to sentiment, such as Topic #2 (said, went, cri) and Topic #13 (feel, love,

life), exhibit strong positive associations with sentiment changes. In Topic #2, discussions often begin with

sentiments of sorrow, as seen in posts like,

My mom has not gotten better... I understand why they call it a long goodbye (rephrased)

, and typically conclude with acknowledgments of support,

Thank you so much for your support... I know I am not alone. (rephrased)

Similarly, Topic #13 features initial expressions of emotional turmoil,

This is hard to explain but I've been having a weird feeling of loss today...(rephrased)

which transitions into expressions of gratitude,

This is great advice [username]... thank you for staying with me. (rephrased)

This indicates that the forum effectively caters to individuals seeking to express their emotional experi-

ences.

Topic initiators may receive positive emotional support, likely due to the compassionate and empathetic

nature of users in online communities; while topics closely related to illness and caregiving facility, such as

Topic #4 (dementia, advic, diagnostics) and Topic #18 (mom, caregiv, facil), display a negative emotional

correlation, underscoring the stress and dif�culties that caregivers encounter.

It is worth noting that the performance of LIWC tone scores closely mirrors that of the VADER compound

hence we didn't present the �gure here.
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