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ABSTRACT

This dissertation explores how digital technologies help mental health outcomes at both
community and individual levels, offering a multi-level perspective on digital mental health
support. The first essay investigates the impact of hospital telehealth adoption on county-level
mental health outcomes across the United States. Guided by social capital theory and employing
causal forest modeling on a panel dataset of over 2,800 counties, the study reveals that telehealth's
effectiveness varies significantly by community context. Counties with limited broadband access
but high economic or cultural capital see the greatest improvements, highlighting the need for
complementary community resources to realize the full benefits of digital infrastructure. The
second essay examines how anonymity affects user engagement in online mental health
discussions. Leveraging a natural policy change on Quora and grounded in signaling theory, it
demonstrates that anonymity leads to substantial increases in user participation, content specificity,
and emotional expression—particularly among users with fewer disclosed credentials—
underscoring the role of platform design in empowering marginalized voices. Together, these
essays demonstrate how digital technologies can improve mental health outcome and foster
inclusive mental health discourse.
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Chapter 1: Introduction

Mental health represents one of the most pressing public health challenges of our time,
with traditional care systems struggling to meet growing demand. The COVID-19 pandemic has
intensified these challenges, contributing to unprecedented increases in anxiety, depression, and
other mental health conditions while simultaneously highlighting persistent barriers to accessing
traditional mental health services. As digital technologies rapidly transform healthcare delivery,
understanding their mental health implications has become critically important for both
policymakers and health care providers.

In this dissertation, we investigate how digital platforms affect mental health outcomes
through two complementary lenses: community-level impacts of formal telehealth adoption and
individual-level effects of anonymity in online mental health communities. We use these essays to
examine the multilevel ecosystem of digital mental health support. While formal telehealth
services represent institutionalized care delivery that extends professional treatment beyond
traditional settings, online mental health communities offer peer-driven support networks that
provide accessible, immediate assistance. Understanding both formal and informal digital mental
health channels is crucial for developing comprehensive mental health policies and interventions

in the digital age.

1.1 Theoretical and Methodological Contributions

Despite growing optimism about the potential of digital technologies, prior research has
often assumed that access to infrastructure or platform availability alone is sufficient to improve
mental health outcomes (Barnett et al., 2021; Torous et al., 2020). However, this assumption
overlooks critical nuances such as community capacity, social inequality, and user-level barriers

like stigma and identity signaling. Existing studies tend to focus on either system-level
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interventions or individual behavior, but few investigate how digital tools function within a
multilevel mental health ecosystem. This dissertation addresses this gap by examining both
institutionalized care through telehealth and informal support systems in online mental health
communities. By doing so, it challenges prevailing assumptions of technological determinism and
demonstrates that context—both structural and psychological—plays a pivotal role in shaping
mental health outcomes. The dissertation makes several key contributions to the digital health
literature. Methodologically, it applies causal forest approach to mental health research and
leverages natural experiments in online platform settings to address endogeneity concerns.
Theoretically, it extends social capital theory to digital health contexts and provides new empirical
insights into signaling effects in mental health settings. Collectively, these contributions offer a
more nuanced understanding of how digital technologies can support mental health at community

and individual level.

1.2 Essay 1: Telehealth as Digital Capital in Community Mental Health

In the first essay, we investigate how hospital adoption of telehealth services affects county-
level mental health outcomes. Telehealth emerges as a form of digital capital that communities can
harness to democratize access to mental health care, offering virtual platforms for interaction with
health care providers while eliminating geographical barriers and reducing stigma.

Drawing from social capital theory, we argue that telehealth’s effectiveness depends on the
interplay of various forms of capital—digital, social, economic, and cultural—within communities.
Using a novel panel dataset covering over 2800 U.S. counties and applying causal forest modeling,
we reveal substantial variation in telehealth’s impact across different community contexts.

The findings demonstrate that counties with low broadband access but high economic or

cultural capital experience the most significant improvements in mental health outcomes,
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including reductions in mentally unhealthy days and increases in service utilization. Conversely,
counties with high broadband access but low social capital show minimal effects. These results
suggest that technological infrastructure without supportive community resources may be
insufficient for effective telehealth implementation, challenging assumptions that digital

infrastructure alone determines success.

1.3 Essay 2: Identity Cues and Anonymity in Online Mental Health Discussion

In the second essay, we explore how transitioning from identity disclosure to anonymity
affects user engagement in online mental health discussions. Leveraging a natural experiment on
Quora where the platform rescinded its real-name policy, we investigate how anonymity affects
both quantity and quality of user-generated mental health content.

Grounding the study in signaling theory and social stigma frameworks, we hypothesize
that anonymity reduces participation barriers and increases authentic self-disclosure, especially for
stigmatized mental health topics. Using a weekly panel dataset of over 2,700 user-week
observations and employing LLM-based text analysis, we employ difference-in-differences
methodology to identify causal effects.

The findings demonstrate that anonymity substantially increases user engagement, with
response rates increasing by approximately 23%, content specificity improving by 18%, and
emotional expression (anger emotion) intensifying by 31%. Importantly, users with fewer
disclosed credentials exhibit the greatest behavioral shifts under anonymity, suggesting that
anonymity disproportionately empowers vulnerable users who may face greater stigma in

identified settings.
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1.4 Synthesis and Implications

Together, these studies underscore technology’s dual facets as both a health care delivery
tool and a social medium. The first essay illuminates how telehealth can transcend traditional
barriers to care while underscoring the need for nuanced understanding of community dynamics
to maximize benefits. The second essay demonstrates how platform design features can influence
the quality of support and engagement in mental health discussions.

This dissertation highlights technology’s integral role in reshaping mental health care,
demonstrating how digital solutions can augment traditional health care models and foster more
inclusive, supportive environments for discussing sensitive health topics. The synergistic
relationship between telehealth and online mental health forums creates a comprehensive
ecosystem that addresses diverse needs in the mental health space.

The findings have direct implications for health care policymakers and platform designers,
as summarized in Table 1. Essay 1 informs evidence-based telehealth expansion strategies that
consider community context rather than pursuing uniform technological solutions. Essay 2
provides guidance for online platform policies that can enhance mental health support while
protecting user privacy and promoting authentic discourse.

As the world continues to grapple with mental health complexities, these insights provide
a road map for leveraging technology to enhance care and community well-being, contributing
significantly to our understanding of how digital innovations can address pressing challenges in
community mental health.

Following the introduction, Chapter 2 presents the first essay, which examines the impact

of telehealth adoption on community mental health outcomes. Chapter 3 contains the second essay,
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focusing on the effects of anonymity in online mental health communities. Chapter 4 concludes

the dissertation, summarizing key findings and implications.

Table 1

Summary of the Essays

expression in
online mental
health
discussions?

Essay | Theoretical Research Data Methodology Findings
Lens Question Sources
Telehealth adoption
How does SafeGraph ciene doptio
. has context-
county-level location
dependent effects.
telehealth data,
. ) : Greatest benefits
adoption affect American Quasi natural ! i
) . . : occur in areas with
Social community Community | experiment +
. low broadband
1 Capital mental health Survey, Causal )
: access but high
Theory outcomes, and American Forests .
. economic or cultural
how do Hospital Approach .
. capital; under-
contextual Association .
resourced counties
factors moderate | Annual . ..
benefit in suicide
these effects? Survey .
reduction.
How does a shift
from real name .
Anonymous posting
to anonymous .
osting affect increases answer
p g Mental : rates, depth, and
user engagement, Quasi natural )
) : health : emotional
Signaling content . . experiment + .
2 Py Discussion expressiveness,
Theory specificity, and LLM-based .
) Data on . especially among
emotional text analysis .
Quora users lacking formal

credentials or social
authority.
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Chapter 2: Uncovering Average and Heterogeneous Treatment Effects of Digital and Social
Capital on Community Mental Health Outcomes
2.1 Introduction

Mental health issues are becoming more prevalent in society. A recent survey indicated
19.86% of adults have experienced a mental illness, equivalent to nearly 50 million Americans.!
Yet, 94% of individuals with mental health issues did not receive any treatment (Reinert et al.,
2021). Further, vulnerable populations are the most affected, which results in significant mental
health disparities (Diaz et al., 2021). Overall, unwell mental health status has adverse impacts on
people’s personal lives by potentially resulting in social isolation, friction with family and friends,
and adverse economic impact and occupational stress due to loss of wages (Pirkkalainen et al.,
2019). As such, the magnitude and prevalence of mental health problems are not only an individual
problem but also affect communities (Reinert et al., 2021). This distinction is important and is a
key motivation for focusing on communities in this study.

While individual mental health refers to the psychological well-being of a single person,
community mental health refers to the overall mental well-being of a defined group of people or
population. Individual mental health involves the person’s ability to manage stress, be productive
(Bassett & Lloyd, 2001), maintain relationships (Pilgrim et al., 2009), and make meaningful
contributions (Bond & Bunce, 2003). A variety of factors influences individual mental health,
including genetics (Cloninger, 1999), personal experiences (Girdhar et al., 2020; Zarse et al., 2019),
physical health (Ohrnberger et al., 2017; Prince et al., 2007), socioeconomic status (Compton &
Shim, 2015; Yu & Williams, 1999), and environmental factors (Cianconi et al., 2020). However,

community mental health well-being is not merely an aggregation of individual well-being. It

! https://mhanational.org/issues/2022/mental-health-america-adult-data
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requires looking at the prevalence of mental health conditions in a community, alongside
understanding the access to mental health services, social and cultural attitudes toward mental
health, and communal support systems. Despite its importance, research on community-level
mental health outcomes remains limited. Most existing studies prioritize individual-level mental
health predictors and outcomes, often overlooking the collective dimensions of mental health such
as social capital, structural inequities, or systemic access barriers. This narrow focus constrains
our ability to develop policies and interventions that address mental health as a shared, societal
issue. As mental health crises increasingly manifest across populations, it becomes crucial to
expand research efforts to capture the broader community context in which communities
experience, support, or neglect mental health.

Telehealth, which enables health care providers to provide virtual services for patients, is
a potential solution to broaden access and mitigate disparities in access to care, specifically in the
realm of mental health care. A their systematic review, Bashshur et al. (2016) highlighted the
positive impact of telehealth interventions in increasing access to mental health services for
underserved populations. Additionally, Hubley et al. (2016) demonstrated how telehealth programs
can effectively address mental health disparities in rural and remote areas, where traditional in-
person services may be limited. Furthermore, Hilty et al. (2013) found that telepsychiatry services
have been successful in reducing barriers to mental health care and improving patient outcomes.

However, most of the research so far has focused on either the determinants of telehealth
adoption at the hospital level (Adler-Milstein et al., 2014) or the impacts of telehealth on
individuals’ physical health (Chellaiyan et al., 2019) and mental health (Hubley et al., 2016). We
have learned a great deal about the adoption and effective use of telehealth by hospitals and impacts

of telehealth on individuals (Adler-Milstein et al., 2014; Angrist & Pischke, 2008; Baird et al.,
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2022). However, few researchers have investigated the impacts of the telehealth adoption on
community health, including mental health. In addition, it is crucial to understand how telehealth
as a potential solution for mitigating mental health problems in communities intertwines with
socioeconomic determinants that can influence the effectiveness of telehealth as a solution. Such
an understanding is essential to develop context-tailored solutions based on needs and pragmatics
for individual communities and avoid the risk of imposing one solution without regard to key
contextual considerations.

From a theoretical perspective, we draw on Bourdieu’s (1977) theory of forms of capital
of a collective to understand how telehealth adoption by hospitals in a community and other forms
of capital in the community affect the mental health of citizens in the community. Bourdieu’s
theory explains why understanding the welfare of communities requires going beyond economic
capital and requires consideration of other forms of capital, particularly social, cultural, and
economic capital. Adding to these forms of capital, the IS literature, including that on health IT
(HIT), has revealed the crucial role of digital capital and further differentiated between two types
of digital capital: (a) application-specific digital resources (i.e., telehealth to virtualize health care
consultation)(Ayabakan et al., 2023; Overby, 2008; Overby et al., 2010), and (b) infrastructure
digital resources (i.e., internet connectivity and internet speed which influence the propensity of
people to go online)(Agarwal et al., 2009). Accordingly, we conceptualize telehealth as a form of
digital capital that virtualizes the health care process and redefines how individuals in a community
can connect with care providers. However, we expect the benefits of telehealth as a form of capital
for mental health to mental health of communities to intertwine with other forms of capital
specifically economic, cultural, social, and digital infrastructure. Therefore, we ask the following

questions:

16



1. What is the impact of telehealth adoption by hospitals on community mental health
outcomes?
2. Under which combinations of other forms of capital (economic, cultural, social, and digital
infrastructure) does telehealth adoption improve the community mental health outcomes?
To identify the effect of telehealth adoptions by hospitals in a community on community-
level mental health outcomes, we consider a county to represent a community. We exploit the
phased rollout of telehealth services by the hospitals in the United States using a difference-in-
differences (DID) approach. This provides several benefits, primarily the creation of a natural
control group, that is, those counties that have not yet adopted telehealth services. We then examine
the heterogeneous association between telehealth adoptions along with the other forms of capital
and mental health outcomes using a novel ML-based causal inference approach (causal forest).
Rather than limit exploration of predefined interactions, the approach enables us to evaluate the
combinations of the different forms of capital.
Our empirical analyses indicate that the adoption of telehealth services is associated with
a significant increase in community mental health outcomes and reinforce empirical support to
prior research indicating that telehealth influences mental well-being (Schriger et al., 2022).
However, results from our causal forest analysis reveal substantial heterogeneity in its
effectiveness, underscoring that the impact of telehealth adoption is highly context dependent.
Specifically, communities with limited broadband infrastructure but strong economic or cultural
capital tend to benefit the most, even in the absence of robust mental health providers. These
nuanced patterns are consistent across multiple mental health outcome indicators. For example,
the effect on in-person mental health visits varies by digital infrastructure and demographic

composition, while suicide rates decline most in under-resourced areas where telehealth fills
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critical care gaps (Baird et al., 2022). Overall, our results challenge the assumption that expanding
telehealth alone leads to equally improved outcomes among communities. Instead, they highlight
that telehealth’s effectiveness depends on the interplay of digital, social, economic, and cultural
capital. Importantly, while telehealth adoption is associated with increase in mental health outcome,
these benefits are highly heterogeneous across communities.

We contribute to a more comprehensive understanding of how telehealth technology
impacts community-level mental health outcomes. Our work advances the theoretical
understanding of information systems (IS) in health by examining community mental health
outcomes through two key contributions. First, we explain how telehealth for mental health care
services delivered by hospitals can benefit the mental well-being of entire communities, thereby
extending beyond the micro-level individual impacts that have been previously examined (Adler-
Milstein et al., 2014; Baird et al., 2022; Polinski et al., 2016). Second, we reveal heterogeneous
treatment effects by demonstrating how different forms of capital (social, economic, and cultural
capital) interact with telehealth adoption to influence its effectiveness. From a practical standpoint,
our findings illuminate the specific conditions under which telehealth adoption proves most
effective for community mental health, providing valuable guidance for future adoption strategies
and policy decisions related to telehealth implementation.

2.2 Theory and Hypotheses

In what follows, we provide an overview of two streams of literature that inform our
research questions. First, we conceptualize digital capital by examining the epidemiological effects
of digital technologies on mental health outcomes. Second, we review mental health research
through a social capital perspective, focusing on how economic, social, and cultural capital

intertwine with digital technologies in mental healthcare delivery.
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2.2.1 Telehealth as Digital Capital to Virtualize Mental Health Care Processes

We have positioned digital capital as a novel form of capital for mental health, different
from the other forms of capital that defined. Specifically, we differentiate telehealth (i.e.,
application-specific digital capital) and digital infrastructure (i.e., digital penetration rate and
internet speed as two components of digital capital). While telehealth adoption in a community is
about virtualizing the care process for people to access mental health service in a confidential,
convenient manner, the latter is about the broader capacity of the community to access digital
services such as telehealth efficiently and effectively.

In extant research, researchers have mainly examined the potential of digital technologies
(e.g., telehealth, self-help apps, online communities) to improve physical health outcomes, but
there has been limited research on mental health well-being. Moreover, findings are mixed with
respect to the plausible impacts of digital technologies on mental health. They found social features
on mobile apps influence peers and found positive effects on mental health. Barney et al. (2011)
reported that online depression forums cater to diverse informational needs and aid in alleviating
depressive symptoms. Conversely, indicated a correlation between high broadband internet
subscription rates and increased suicide rates. Social media has also been linked to negative mental
health outcomes (Braghieri et al., 2022; Steers et al., 2014).

To be more specific, researchers have investigated whether telehealth adoption has had
negative or positive consequences for domains such as drug abuse and mental health (Pinxten &
Lievens, 2014). In addition, the COVID-19 pandemic has further accelerated the adoption of
telehealth for health because it offers a safe and convenient alternative to in-person visits. Torous
et al. (2020) highlighted the rapid implementation of tele-psychiatry during the pandemic, enabling

continuity of care for individuals with mental health conditions. The study underscored the

19



importance of maintaining and expanding telehealth adoption beyond the pandemic to ensure long-
term access to mental health care. Moreover, in a systematic review, it is suggested that
telepsychology interventions during COVID-19 have been effective in reducing symptoms of
specific mental diseases such as anxiety, depression, and PTSD (Barnett et al., 2021). These
findings demonstrate telehealth's potential to transform mental health service delivery during
crises and in routine care. Research on telehealth's effectiveness for specific mental health
conditions suggests broader applications for community mental health promotion. However, this
evidence also reveals the need for IS scholars to develop more nuanced theoretical frameworks
that account for the complex interactions between technology adoption and mental health
outcomes at the community level.

Despite growing interest in digital technologies in healthcare, limited research has
examined their impact on community-level mental health outcomes. In particular, there is a lack
of understanding regarding how two distinct forms of digital capital—telehealth services and
digital infrastructure—jointly influence community mental health and well-being. This gap is
critical, as community mental health represents a higher level of analysis with far-reaching
implications. It shapes not only individual well-being but also the broader social and economic
health of the community.

Addressing mental health concerns at the community level is essential to ensure that
geographically proximate populations have equitable access to mental health resources and support
systems. We argue that telehealth, as a form of digital capital, holds significant promise in
enhancing community mental health. Prior research has shown that telehealth can reduce barriers
to care (Haleem et al., 2021), expand access to underserved populations (Silberholz et al., 2017),

and deliver effective and convenient mental health services (Hilty et al., 2013). By integrating
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telehealth platforms into local care ecosystems, communities can make mental health services
more accessible, timely, and responsive to resident needs—ultimately leading to improved
psychological well-being at the population level.

Accordingly, we hypothesize the following:

Hypothesis 1: Telehealth adoption by a communitys (county's) hospitals will improve a
community s mental health outcomes.

2.2.2 Other Forms of Capital for Mental Health

Bourdieu’s (1977, 2011b) concept of capital is particularly relevant to this study as it
provides a robust theoretical lens to examine the complex interplay between various forms of
capital and telehealth in shaping community mental health outcomes. This framework facilitates
the generation of novel insights by highlighting that the effectiveness of telehealth interventions is
not uniform, but rather contingent upon the availability and interaction of other forms of capital
within a community.

As a foundational step, we conducted a comprehensive review of the mental health
literature to identify key factors that influence mental health outcomes. Rather than focusing on
isolated or idiosyncratic variables, this review emphasized systemic and structural determinants
(Table 2). We then mapped these factors onto Bourdieu’s typology of capital, demonstrating that
his theory provides a coherent and integrative structure for organizing the diverse determinants of
mental health. This mapping enables a more nuanced understanding of how social, economic,

cultural, and digital forms of capital collectively shape community mental health and well-being.
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Table 2

Review of Studies on Mental Health from Forms of Capital Lens

A(;‘(Zl;‘gs Cf{‘)’;:;sﬁfns Proxy Health | Effect Findings
Umberson Social connectedness is
& Karas Social Social Mental Positive beneficial for people’s
Montez. connectedness | Health health and mental health
(2010) well-being

Social support networks
Kawachi & . Depressive play a Posmve role .for
Berkman Social Social support Symptoms Positive p@ople 5P sych(_)loglcal
(2001) ’ networks and Anxiet distress, including
Y depressive symptoms and
anxiety
Anxiety Social isolation is
Holt- ' Social Depression, . contributing to the
Lunstad et | Social . . Negative | worsened mental health
isolation and .
al. (2015) Mortalit outcomes among retired
Y people
Financial barriers were
Alegria et . Financial . associated with decreased
al. (2013) Economic barriers PTSD Negative PTSD health service
utilization
Job insecurity Job insecurity and
Kim &Von Economic and Mental Negative unemployment increase
Dem (2015) unemplovment Health the risk of developing
ploy mental health problems
Economic . .

) prosperity and Econonpc pros.perlty and
Kéampfen et Economic supportive Mental Negative supportive social safety
al. (2012) social safet Health nets promote mental

nets Y health well-being
Language barriers prevent
Byrow et ethnic minority,
al. Cultural Language Depression Negative | immigrants, and refugees
(2022) barriers from accessing mental
health services
People are not willing to
Ganesan et . . . . seek mental health
al. (2021) Cultural Social Stigma | Suicide Negative services due to social
stigma
Kramer et AXs1ar1n patlentlf ?re ihlzjly to
al. Cultural Values Distress Negative CXPIESS PSYCHOTOEIC
distress as physical
(2002) .
complaints
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However, as illustrated in Table 2, while prior mental health research has acknowledged
the importance of digital capital—both application-specific and infrastructural—as well as other
forms of capital, these factors have largely been examined in isolation. This fragmented approach
overlooks a critical insight from Bourdieu’s theorization: forms of capital are interrelated and
mutually reinforcing rather than independent. Although this integrative perspective has received
limited attention in the mental health literature, a few studies in the IS domain have begun to
explore such interactions. For example, Karahanna et al. (2019) demonstrated how social,
economic, and cultural capital jointly contribute to hospital competitive advantage. Similarly,
Hsieh et al. (2011) investigated digital inequality through the interplay of social, economic, and
cultural capital. These examples underscore the value of examining how different forms of capital
coalesce to influence outcomes.

Building on this perspective, our study highlights the importance of understanding how
interactions among multiple forms of capital in shaping the influence of telehealth adoption on
community mental health outcomes —a theme we explore in greater detail in subsequent sections.
Social Capital for Mental Health

Social capital, conceptualized as a collective feature of society rather than an individual
asset, comprises formal and informal networks that serve as a public good (Bourdieu, 2011b).
These networks generate valuable intangible resources—such as trust, civic engagement, and
shared norms—that can be harnessed to promote community well-being (Henrich et al., 2001).
Strong community social capital has been linked to greater social cohesion and equity (Hero, 2007).
A growing body of research indicates that social capital influences both the risk of developing
mental illnesses and the outcomes for those affected (Pinxten & Lievens, 2014). For example,

Umberson and Montez (2010) emphasize the critical role of social relationships in shaping mental
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and physical health, underscoring the need for policies that enhance social connectedness.
Similarly, Kawachi and Berkman (2001) explored the relationship between social ties and mental
health while Holt-Lunstad et al. (2015) find that social isolation significantly increases mortality
risk, illustrating the broader consequences of weakened social networks. Beyond social cohesion
among peers and friends, Ehsan et al. (2019) shows that professional connections such as the
coverage of professional health provider and the relationship between health provider and patients
also affect health outcomes.

It is also important not to adopt a narrow definition of social capital limited only to family,
friends, and peers. In the case of professional services, there can be greater connectedness of
providers with consumers in a community if the density of providers in the community is higher.
For example, a higher density of teachers in a community can lead to greater connections between
teachers and students and consequently promote the flow of instrumental advice and support
related to education and learning (Felten & Lambert, 2020). In our case, a higher density of both
primary care and mental health providers is likely to lead to greater connections between mental
health professionals and patients and thereby promote the flow of instrumental advice and support
related to mental well-being.

Economic Capital for Mental Health

Community economic capital represents the material resources immediately and directly
convertible into money (Bourdieu, 2011a). This form of capital plays a crucial role in shaping
various aspects of life and can significantly influence overall well-being (Bourdieu, 1977). An
increasing number of studies show that economic capital plays a crucial role in shaping mental
health outcomes for individuals and communities. Lund et al. (2011) highlighted the bidirectional

relationship between poverty and mental disorders, emphasizing the need to address poverty as a
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determinant of mental health. Knapp et al. (2011) underscored the economic burden of mental
health disorders, estimating that the global costs associated with mental illness will surpass $6
trillion by 2030. The researchers emphasized the direct costs of health care services as well as
indirect costs such as productivity loss and reduced quality of life. Moreover, economic disparities
impact mental health because individuals from lower-income backgrounds often face barriers in
accessing mental health care due to financial constraints and limited insurance coverage. Alegria
et al. (2013) found that financial barriers were associated with decreased mental health service
utilization, highlighting the importance of addressing economic factors to ensure equitable access
to care. Individuals facing economic hardships often experience heightened stress, anxiety, and
depression due to the constant struggle to meet basic needs and maintain a decent standard of living
(Dohrenwend et al., 1992). Limited access to quality health care, including mental health services,
can further compound the challenges that economically disadvantaged individuals face (Torous et
al., 2020). Moreover, job insecurity, unemployment, and precarious work conditions can contribute
to feelings of low self-esteem, hopelessness, and a sense of being trapped in a cycle of economic
disadvantage, thereby increasing the risk of developing mental health problems (Marazziti et al.,
2021). Conversely, economic prosperity, equitable distribution of resources, and supportive social
safety nets can promote mental health well-being and contribute to the overall resilience of
individuals and communities (Kdmpfen et al., 2020). Experiences associated with economic
disadvantage, including unemployment, low income, poverty, debt and poor housing, are
consistently associated with poorer mental health (Allen et al., 2014; Marazziti et al., 2021). Lorant
et al. (2003) investigated the association between socioeconomic status (SES) and depression,

finding that lower SES is consistently linked to a higher risk of depression.
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Cultural Capital for Mental Health

Community cultural capital includes features that bond a community together (Jeannotte,
2003), such as language and events that provide the means to establish traditions and expectations
(Bourdieu, 2018). Cultural assets play a significant role in shaping the collective behaviors of
community members (Bourdieu, 1977). In existing literature, researchers have highlighted the
importance of cultural factors in understanding mental health, emphasizing how cultural beliefs
and practices shape the expression and interpretation of symptoms among refugees and immigrants
(Kirmayer et al., 2011). Cultural variations in understanding mental illness can impact diagnosis,
treatment preferences, and stigma associated with seeking help (Griner & Smith, 2006). Moreover,
language barriers can create challenges in accessing mental health care because individuals with
limited English proficiency may face difficulties in effectively communicating their concerns
(Sentell et al., 2007). Language barriers are associated with lower utilization of mental health
services among ethnic minority populations, immigrants, and refugees (Byrow et al., 2020). These
findings underscore the need for culturally sensitive and linguistically appropriate mental health
services to ensure accessibility and quality of care for diverse populations.

Cultural norms and linguistic factors also influence the delivery and effectiveness of mental
health interventions. Griner and Smith (2006) demonstrated that providing culturally adapted
therapy materials and bilingual therapists improved treatment satisfaction and engagement among
Hispanic clients. These findings emphasize the need for culturally informed approaches in mental
health interventions to address effectively the diverse needs of individuals from different cultural

and linguistic backgrounds.
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Intertwining of Digital Capital with Other Forms of Capital

Understanding how different forms of capital interact is crucial for comprehending their
collective impact on a community’s mental health well-being, particularly for developing
interventions and policies that promote community mental health. A better understanding of the
heterogeneous effects of telehealth on mental health will likely help clinicians and policymakers
to identify subareas where they prioritize telehealth for mental health service.

While existing literature suggests that telehealth adoption holds promise for expanding
access to mental health care, its impact on community-level mental health outcomes is unlikely to
be uniform across contexts. Communities differ significantly in their social, economic,
infrastructural, and cultural characteristics, which shape both the availability of health care
services and the ability of residents to engage with them. These contextual factors are likely to
moderate the relationship between telehealth adoption and mental health outcomes individually
and collectively. For example, variations in broadband infrastructure, provider density, economic
capital, and cultural resources may interact in complex ways to either amplify or constrain the
potential benefits of telehealth.

In this sense, we expect the causal impact of telehealth adoption to be conditional rather
than universal. Rather than assume a homogeneous treatment effect, we posit that heterogeneous
treatment effects are likely—where the size and even direction of the effect depend on the
underlying community context. To investigate this empirically, we apply a causal forest approach
(Athey & Imbens, 2017; Athey & Wager, 2019), which is well suited to uncovering complex,
nonlinear interactions and conditional effects without imposing restrictive parametric assumptions.

This methodological choice allows us to explore the interdependent nature of moderating variables
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while maintaining flexibility in capturing nuanced effect heterogeneity. Therefore, we posit the
following:

Hypothesis 2: Combinations of other forms of capital (economic, social, cultural, and
digital infrastructure) will moderate the effect of community (county) hospital adoption on
community mental health.

2.3 Data and Measurement
2.3.1 Data Sources

We compiled a longitudinal county-level dataset from 2017 to 2021, using the American
Hospital Association (AHA), Area Health Resources Files (AHRF), American Community Survey,
and County Health Ranking (CHR) data from the University of Wisconsin Population Health
Institute. We obtained outcome data for average mentally unhealthy days per U.S. County from
CHR, which the University of Wisconsin Population Health Institute developed and extracted from
other secondary sources such as from the Centers for Disease Control (CDC). We acquired
covariates used for coarsened exact matching (CEM) from the AHA and AHRF datasets. We
selected controls and covariates following a literature review. After removing counties with
missing data (6%), our resulting dataset included variables for 2,794 counties.

Dependent Variables: Community Mental Health Outcomes

We conceptualize community mental health as a multidimensional construct with three key
components. Mental Health Clinic Visits measure community engagement with formal care
infrastructure, capturing behavioral indicators of treatment access and utilization. Poor Mental
Health Days quantify subjective psychological distress by measuring the percentage of days in the
past month that individuals report their mental health as “not good.” Suicide Rate represents the

most severe outcome, indicating complete system failure when both individual coping mechanisms
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and community support prove insufficient. This framework captures the full spectrum of
community mental health—from proactive care seeking to subjective distress to tragic crisis
outcomes. Below, I we examine each component accordingly.

Poor Mental Health Days. This variable was originally from the nation’s premier system
of health-related telephone surveys, the Behavioral Risk Factor Surveillance System (BRFSS).
With technical and methodological assistance from CDC, state health departments use in-house
interviewers or contract with telephone call centers or universities to administer the BRFSS
surveys continuously through the year. The states use a standardized core questionnaire, optional
modules, and state-added questions.? The variable “mentally unhealthy days™ is from the following
survey question: “Now thinking about your mental health, which includes stress, depression, and
problems with emotions, for how many days during the past 30 days was your mental health not
good?” The aggregate county-level average number of mentally unhealthy days reported in the
past 30 days (age-adjusted) have been compiled in the annual CHR data from the University of
Wisconsin Population Health Institute, which is a general measure of health-related quality of life
in a population. Self-reported health status is a widely used measure of health-related quality of
life (Nyman et al., 2007). In addition to measuring how long people live, it is essential to include
measures that consider how well people live. Further, reports of days of unwell mental health are
a reliable estimate of recent health.?

Suicide Rates. Suicide represents the most severe and terrible result of poor mental health,
which frequently happens when people feel psychological discomfort, hopelessness, or a lack of

support overtakes them (Kyung et al., 2017). It is not only a personal problem; rather, it reflects

2 https://www.cdc.gov/brfss/about/brfss_faq.htm
3 https://www.countyhealthrankings.org/explore-health-rankings/county-health-rankings-model/health-
outcomes/quality-of-life/poor-mental-health-days?year=2022
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larger institutional and community-level shortcomings in recognizing, assisting, and treating those
who are at risk. High suicide rates are frequently a sign of poor community mental health outcomes
(Barnett et al., 2021), indicating underlying issues such as widespread psychological distress,
social disconnection, economic hardship, and inadequate access to mental health care. They reflect
not only individual struggles but also broader societal conditions that may contribute to feelings
of hopelessness and despair. As such, suicide rates can serve as a critical barometer for assessing
the effectiveness of mental health systems and community support structures. This data is
originally from the CDC National Vital Statistics System Mortality Dataset, and we extracted
county-level suicide numbers and created the ratio of suicide to the total population of the county.

In-Person Mental Health Service Visitation. It measures the number of SafeGraph-based
mental health service visits per capital for a given year (the ratio of SafeGraph-based visits to the
total population of the county). We obtained visitation data from the SafeGraph point of interest
database.* SafeGraph is a company that tracks more than 45 million mobile device access from its
household census block groups (CBG) to about seven million points of interest (POIs) in the
United States and Canada. SafeGraph visitation data has been used broadly in public health and
business research (Y. Wang et al., 2022; H. Zhou et al., 2022). The company collects this data by
monitoring mobile devices that have opted in through an array of navigation and mobile devices
that have opted in through an array of navigation and mobile application, where users agree to
share their geographic location. The methodology for determining the CBG for each device
involves analyzing the most frequent nighttime location over 6 weeks. This process ensures that
the data accurately reflect the typical residential location of the device’s user. SafeGraph utilizes

the GPS coordinates for a device and compares them with a POI’s building footprint to verify

4 SafeGraph: https://docs.safegraph.com/docs/monthly-patterns
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access to a particular location. To ensure the accuracy of the collected data, a device must remain
at the POI for a minimum of 4 minutes, eliminating any brief or accidental visit. The company also
considers additional relevant location information and ML algorithms to identify the visitation at
a specific location. SafeGraph Technical Guidance has further details on how SafeGraph identifies
POI visitation.’

In this study, we used the SafeGraph Patterns dataset, recording the number of visits and
median dwell time of POIs. We further aggregated CBG-level visitation to the county level and
computed the yearly visit as in-person mental health service visits for the POIs that are categorized
as office of mental health practitioner (except physicians) based on the North American Industry
Classification System (NAICS)® with NAICS code 621330.

Independent Variables: Telehealth Adoption in the Community (County).

We used the responses from the AHA Annual Survey: “Does your hospital provide telehealth office
visit service?” or “Does your hospital and their affiliates provide tele psychiatry service?” to
determine whether a hospital (and affiliates such as clinics) offer telehealth. We selected to use
both questions because psychiatrists, other specialists, and primary care providers can provide
mental health services directly. Thus, we aggregated responses for these two questions per hospital
and generated a single dichotomous variable for each hospital. We aggregated the hospital-level
data into county level, which tells us how many hospitals per county provide telehealth-related
services per year. We assigned 1 to those counties with hospitals providing telehealth services,

otherwise 0.

5 SafeGraph Technical Guidance: https://www.safegraph.com/guides/places-data-technical-guide
® North American Industry Classification System: https://www.census.gov/naics
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Covariates

We included demographic characteristics, SES measures, health care provider conditions,
and behavioral factors at the county level as covariates (Table 3). We identified these factors
because they were likely to operate as confounders (i.e., predictors of mental health outcomes
distributed differently among the levels of telehealth) or moderators (i.e., associations between
telehealth and mental health outcomes differ by the levels of these factors). We chose those
covariates not via a data-driven approach but rather based on the subject-matter knowledge and
the literature on mental health (Byrow et al., 2020; Griner & Smith, 2006). Guided by the literature,
we mapped them to the other forms of capital and with demographic factors. Then, we used the
same set of variables in our causal forest analyses because they can be important determinants of
heterogeneous treatment effects, based on existing literature (Allen et al., 2014; Griner & Smith,
2006; Lorant et al., 2003).
2.3.2 Empirical Framework

Our empirical strategy consists of three components designed to capture both the causal
effects and mechanisms through which telehealth adoption affects community mental health
outcomes. First, we employed a DID model specification combined with matching-based sample
construction to estimate the average treatment effects of telehealth adoption. This approach
leverages temporal and cross-sectional variation to isolate the impact of adoption on key outcomes
such as poor mental health days, suicide rates, and mental health clinic visits. Second, we used
causal ML, specifically causal forests (Athey et al., 2019; Athey & Imbens, 2017), to uncover
heterogeneous treatment effects. This allowed us to identify which types of counties—based on
demographic, economic, or health system characteristics—experience the greatest improvements

in mental health outcomes from telehealth adoption. These first two methods align with recent
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developments in marketing and accounting research that emphasize causal inference and predictive

heterogeneity (Guo et al., 2021; Iyengar et al., 2022).

Table 3

Definitions of Other Forms of Capital and Demographics

f;;il:las] of Definition Proxy Reference | Definition of Proxy
The embodied Bourdieu,
competencies | County-level 1991
Cultural capital peten Not Proficient in ) Percentage of population
(CC) foradopting | p i Pmxten & | | ¢ proficient in English
Tele-health Ratg Lievens, P g
Services © 2014
The resources Cqunty—level Mohnen et | Primary Care Providers per
. . from social Primary Care .
Social capital . al., 2012 100,000 population
(SC) networks for Physicians Rate
adopting tele- County-level .
health services Mohnen et | Mental Health Providers
Mental Health 1) 5012 | per 100,000 population
Provider Rate " P VT POPp
The monetary .
. means to [CJi)llemmtl})llj)ey\;cllen ¢ Alessie et | Percentage of population
f;oiltl;)lnzgc) acquire and Rates al., 1997 without employment
P access
Telehealth County-level Alessie et | Percentage of population
Uninsured Rates | al., 1997 under 65 without insurance
Access rates County-level Ragnedda, i/eiil(ie‘g (?aggb(:lfqlclloiii:fr?elfs
Digital Capital | and speed of | Broadband Rates | 2018 connection
(Infrastructure) | the Countv-level
Internet ounty-ieve Ragnedda, | Average internet download
average 2018 speed
Broadband Speed p
County-level
Hispanic Paccoud et | Percentage of population
Population al., 2020 who are Hispanic
Demographic Rate
Factors (used as County-level P Percentage of population
. accoud et .
control Black Population al. 2020 who are Black or African
variables) Rate ” American
IC{O;l;tﬁ—levisell tion | Paccoud et | Percentage of population
Rzllte opuiatio al., 2020 who located in rural areas

Third, we conducted a causal mediation analysis to explore why telehealth adoption affects

community mental health outcomes. Specifically, we tested whether and to what extent changes in
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in-person mental health clinic visits mediate the relationship between telehealth adoption and key
mental health indicators, such as poor mental health days or suicide rates. This approach enabled
us to decompose the total treatment effect into direct and indirect pathways, offering deeper insight
into the mechanisms of impact. By integrating these three methods—DID for identification, causal
forests for heterogeneity, and mediation analysis for mechanism—we provide a comprehensive,
multilayered assessment of how telehealth adoption shape community-level mental health
outcomes.
Identification Strategy

To test whether the adoption of telehealth can impact community mental health well-being,
we conducted a standard DID regression with multiple groups and time periods following previous
literature (Angrist & Pischke, 2008). To predict the counterfactual, we needed a natural way to
identify counties that share similar characteristics but did not receive the telehealth adoption
treatment during the same time. We defined our treatment groups as those counties that did not
have telehealth in 2017 but subsequently adopted them in 2018, 2019, or 2020, while our control
groups are those counties that did not adopt telehealth from 2017 to 2021. We performed estimation
using ordinary least squares. The unit of analysis is the community’s (county’s) mental health well-
being, measured by mentally unhealthy days. The DID equation representing our model is as
follows:

Yie = Bo + BiTic + Babic + B (Tie X pic) + i + V¢ + &

B, is the constant, f; is the effect from the treatment group, 3, represents posttreatment periods,
and f3 is the treatment effect (i.e., the DID effect), which is the expected value difference in the

time trend and the difference between treatment and control groups after treatment. We included
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county fixed effects (u;) to address any time-invariant county heterogeneity and time fixed effects
to address time trends (9;).

In the DID analysis, we accounted for time-invariant region-level heterogeneity using
location fixed effects (i.e., county fixed effects). These fixed effects capture time invariant region-
level factors (e.g., public health service conditions, mobile internet development) that may
correlate with the adoption of telehealth. For example, demographic (e.g., age or gender) or
socioeconomic conditions of a region are relatively stable across years and are thus captured by
the region fixed effect. Second, we included time fixed effects at the year level to control for
seasonal or temporal changes in mentally unhealthy days. Table 3 above provides details regarding
the data sources and measures.

Matching

A naive DID approach will lead to biased estimates if the adoption of telehealth is not made
randomly. To correct for endogenous selection of treatment groups and to balance the covariates
between the treatment and control groups in our analysis, we used a one-to-many CEM procedure
using covariates to mitigate self-selection bias (Iacus et al., 2011). Our covariates consisted of
county-level variables, derived from related literature (Byrow et al., 2020; Griner & Smith, 2006).
The matching algorithm produces a cell for each combination of attributes used in the matching.
We retained cells with at least one treated and one control county (some retained cells have more).
This is required to estimate the treatment effect and is standard for matching estimators (Abadie et
al., 2004). The remaining observations comprise the matched sample, which consists of 3,251
matched counties in 788 cells. Matched counties have similar demographic characteristics and

socioeconomic levels.
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We also assessed whether the distribution of the covariates is similar across the treated and
control groups after matching. Following Austin (2009) and Imbens and Rubin (2015), we
examined the standardized differences in covariate means between the treatment and control
groups. Figure 1 presents the absolute value of the standardized differences for each covariate.
Matching leads to a substantial improvement in balance. After matching, all the standardized
differences are below 0.1, a degree of balance comparable to what one might expect in a
completely randomized experiment (Imbens & Rubin, 2015; Stuart, 2010). We verified the validity
of our CEM by checking whether there are systematic differences in covariates of interest across
the two groups. There are no significant covariate differences between the treatment and control
groups.

Figure 1

Covariate Balance After CEM
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Method for Estimating Heterogeneous Treatment Effects: Causal Forest
Knowing that a treatment works on average is often not sufficient. Understanding which

counties benefit the most from the telehealth is essential to the evaluation of existing adoption
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practices and the design and targeting of new telehealth adoption initiatives. Thus, we need to
estimate heterogeneous treatment effects. Heterogeneity refers to the existence of differences in
the effect of treatment or intervention across different subgroups. This implies that the treatment’s
effectiveness can fluctuate based on the county’s characteristics. Acknowledging heterogeneity is
critical because it shapes intervention design and evaluation. Uniform interventions are suitable if
effects are consistent across subgroups, but varying effects require tailored approaches for
maximum efficacy. Neglecting this diversity can yield biased treatment effect estimates. Thus,
employing methods that accommodate heterogeneity is paramount when gauging a treatment’s
causal effect.

The causal forest method (Athey & Imbens, 2017; Athey & Wager, 2019; Luo et al., 2019)
adapts the random forest technique from ML and applies it within a causal inference framework.
Unlike traditional regression models, where incorporating interactions relies on assuming linear or
nonlinear relationships, this offers a nonparametric, computationally efficient way to identify
differences in outcomes between treatment and control units across multidimensional covariate
space. With this splitting process, we aim to find optimal splits that maximize the difference in
treatment effects while maintaining accurate effect estimation. Consequently, the model provides
conditional average treatment effects (CATE) for specific subgroups, enabling predictions of
individual effects for future observations with similar characteristics (Athey & Wager, 2019). We
find it appropriate to explore the heterogeneous treatments of telehealth adoption on community
(county)’s mental health well-being because we look beyond the two-way interaction of telehealth
adoption with one county characteristic, and we explore how additional characteristics combined

play a role in the impact of telehealth on community’s mental health outcome.
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2.4 Results

In this section, we execute each of the empirical strategies and report the corresponding
results.
2.4.1 Average Treatment Effects

Table 4 reports the CEM DID regression result. We observed that telehealth adoption has
a significant and meaningful impact on mental health outcomes at the county level. Specifically,
telehealth is associated with a modest but statistically significant reduction in self-reported
mentally unhealthy days, indicating potential improvements in general psychological well-being.
More notably, it is linked to a substantial decrease in suicide rates, suggesting that expanded access
to remote mental health services may play a critical role in preventing severe mental health crises.
Additionally, telehealth adoption corresponds with a significant decline in in-person mental health
visits, implying a substitution effect where remote care may replace face-to-face services. These
findings underscore the potential of telehealth to enhance community mental health outcomes.

Table 4

CEM DID Result for Telehealth Adoption on Community Mental Health Outcomes

Mental In-person

Variables Unhealthy Davs Suicide Rate Mental
ylay Health Visit

Post* exs | -0.156(0.052) -0.173 (0.058)
Treated(p_3) -0.0014 (0.005) o s
Controls N N N
County Fixed
Effects v v v
Time Fixed
Effects v v v
R? 0.06 0.2 0.07

Note: ***p <0.01, Robust standard errors reported in parentheses
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While the results of the baseline DID estimations are compelling, it is important to note
they are subject to several assumptions. The parallel trend assumption is the most critical to ensure
internal validity of DID models. Violation of parallel trend assumption will lead to biased
estimation of the causal effect. To test parallel trends, we visualized the average community mental
health well-being for each group at a point in time (years) relative to when telehealth was adopted.
To further test the parallel trends assumption statistically, we interacted pretreatment values with
corresponding time dummies within the DID model. None of the coefficients was significant,
which suggests that the trends are sufficiently common between the control and treatment groups.
2.4.2 Heterogeneous Treatment Effects

We employed the causal random forest approach with honest tree algorithms (Athey &
Imbens, 2016; Athey & Wager, 2019) to estimate the heterogeneous treatment effects (HTEs) in
our study. By leveraging the flexibility of causal forest modeling, we aimed to identify well-
matched subgroups and understand the variations in treatment effects. In implementing this
method, we first estimated the contribution of county features toward the heterogeneity in the
treatment effect of telehealth adoption on community (county)’s mental health well-being. The
variable importance score from this analysis denotes the percentage of times a variable is used in
the tree splitting decision. Table 5 reports the results of the variable importance analysis, which
broadband access rate determines as 12.6% of tree partition followed by 11.17% by mental health
professional rate, and unemployment rate by 8.4%. The high variable importance score may be
due to the splits at the bottom of the tree, which are less critical than the splits at the top of the tree.
We examined this fact and found that the high importance score variables in Table 5 determined
the top slits in our causal trees. We report the variable importance score of the top 10 county

features in Table 5. These results show that county features under different categories, such as
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digital infrastructure (e.g., broadband access rate), social capital (e.g., health professional rate),
and economic capital (e.g., unemployment rate) significantly contribute to elucidating the
heterogeneity in telehealth effect on mental health.

Table S

Variable Importance Score of Top 10 Features

Ranking | Feature Score
1 Broadband access rate 0.126
2 Mental health professional rate 0.117
3 Unemployment rate 0.084
4 Primary care professional rate 0.075
5 Hispanic persons rate 0.061
6 Black persons rate 0.053
7 Not insured rate 0.051
8 Not proficient in English rate 0.042
9 People living in rural area rate 0.035
10 Internet speed 0.035

Note: The importance of the score denotes how many times a feature
was split at each depth in the causal forest.

Second, we conditioned our model to identify heterogeneous effects across the top 10
variables shown in Table 5 to ensure the coverage of important features (Athey & Imbens, 2016).
We optimized and tuned our causal forest model based on the recommendations from Athey and
Wager (2019).

Overall, our causal forest indicates that adoption of telehealth has an average treatment
effect of -.013 on community (county)’s mental health well-beings (measured by county’s mentally
unhealthy days).

To further investigate how community characteristics influence the effectiveness of
telehealth adoption, we constructed a depth-2 policy tree on the Conditional Average Treatment
Effect (CATE) for average mentally unhealthy days. The tree begins by splitting counties based on

broadband access, using a threshold of 74%. Among counties with less than 74% broadband

40



coverage, the next split considers the availability of mental health providers, with a threshold of
48. Counties falling below both thresholds—those with limited broadband and fewer than 48
mental health providers—show the strongest reduction in mentally unhealthy days, with a CATE
of —0.058. This suggests that telehealth offers the greatest benefit in the most resource-constrained
environments. Counties with limited broadband but a higher number of providers see a smaller but
still negative effect (CATE = -0.015). On the other side of the tree, for counties with broadband

access = 74%, the model splits again at 102 providers. These relatively well-resourced counties

see positive CATE values—indicating a slight increase in mentally unhealthy days (CATE =0.016
and 0.032), implying that telehealth may be less effective or even counterproductive in some
higher-capacity environments. As figure 2 indicated, this policy tree highlights the importance of
local digital and healthcare capacity in shaping telehealth’s impact and underscores the need for
context-aware implementation strategies.

Similarly, we conducted causal forest on other components of community mental health
outcome including in-person mental health visit and suicide rates. Figure 3 and Figure 4 illustrates
how the effectiveness of telehealth varies across counties with high broadband access, based on
contextual factors such as provider availability, insurance coverage, racial composition, and
internet speed. Overall, the CATE is modestly negative (-0.023), but significant heterogeneity
emerges across subgroups. In counties with limited mental health provider availability and high
uninsured rates, telehealth is associated with strongly negative effects (CATE =-0.132), suggesting
that virtual care may be insufficient when baseline access to care is already severely constrained.
In contrast, in counties with relatively low Hispanic population rates and high internet speed,
telehealth shows a positive impact (CATE = 0.061), indicating that infrastructure and possibly trust

or usability factors amplify its benefits.
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Figure 2

Depth 2 Policy Tree on CATE on Mental Unhealthy Days

Broadband access<

Mental health
provider < 48

True

CATE mean
(-0.058)

74%
True
Mental health
provider < 102
True
CATE mean CATE mean CATE mean
(-0.015) (0.016) (0.032)

Note: Communities with less social resources, proxied by mental health provider rate, have the best
treatment effect of telehealth adoption when the broadband access in the community is relatively low.

(The left branch displays counties where a condition is smaller than the value, and the right branch shows
counties where the condition is bigger than the value. The “<>=" value serves as the continuous cutoff

for splitting, and the boxed value represents the conditional average treatment effect.)

The causal forest analysis reveals meaningful heterogeneity in the impact of telehealth
adoption on in-person. Among counties with a low density of mental health providers (below
45.5%), further stratification by broadband access indicates that the treatment effect is more
negative in areas with broadband access below 74% (CATE =-0.075), suggesting that poor internet
infrastructure may limit the effectiveness of telehealth in preventing suicides. Even in low-provider
regions with slightly better broadband (> 74%), the effect remains negative but is attenuated
(CATE = -0.03), indicating marginal improvement. In contrast, counties with more mental health
providers but a limited number of primary care physicians (< 3) experience a strong positive effect
of telehealth on reducing suicide rates (CATE = 0.127). This subgroup likely benefits from the

supplementary role of telehealth where traditional primary care is limited. Finally, in areas with

42



both sufficient provider capacity and primary care availability, the effect is positive but modest
(CATE = 0.01). Overall, these findings emphasize that telehealth’s effectiveness in lowering
suicide rates is contingent on both internet infrastructure and provider availability, with the greatest
gains observed in under-resourced areas where telehealth fills a primary care gap.

Figure 3

Depth 2 Policy Tree on CATE on In-Person Mental Health Visit

Mental health
Provider rate< 45.5%

True
Broadband Access Primary Care
<74% Physicians < 3
True True
CATE mean CATE mean CATE mean CATE mean
(-0.075) (-0.03) (0.127) (0.01)

Note: Communities with lower mental health provider rates (less than 45.5%) show heterogeneous
treatment effects of telehealth adoption depending on their broadband infrastructure. Among these less
socially resourced areas, counties with limited broadband access (< 74%) experience the most favorable
treatment effect, as indicated by a CATE of -0.075. This suggests that telehealth is especially effective in
digitally and clinically underserved environments. Conversely, counties with better broadband access in
the same low-provider group show a smaller improvement (CATE = -0.03). For counties with higher
provider availability (= 45.5%), the presence of primary care physicians further differentiates the effect:
those with < 3 physicians show an unexpectedly positive CATE (0.127), while those with more resources
see a modest effect (CATE = 0.01). As with all splits, the left branch represents counties where a
condition is less than the threshold, and the right branch represents counties where the condition

is greater than or equal to it. The cutoff values are selected based on model-driven partitioning, and the
boxed values represent the conditional average treatment effects (CATEs) for each subgroup.
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Figure 4

Depth 2 Policy Tree on CATE on Suicide Rates

Broadband access

<74%
True
Mental health Mental health
provider < 48 provider < 102
True True
CATE mean CATE mean CATE mean CATE mean
(-0.058) (-0.015) (0.016) (0.032)

Note: Communities with lower levels of broadband access (< 74%) derive the most substantial benefits from
telehealth adoption when they also have limited mental health provider availability. Specifically, counties with both
low broadband access and fewer than 48 mental health providers experience the largest treatment effect (CATE =
—0.058), indicating meaningful improvements in mental health outcomes. Within the same broadband-constrained
group, counties with relatively more providers (> 48) show a smaller benefit (CATE = —0.015). On the other side of
the split, where broadband access is higher (> 74%), treatment effects become positive: counties with fewer than 102
mental health providers exhibit a modest positive CATE (0.016), while those with more providers show an even
greater increase (CATE = 0.032). As before, the left branches reflect counties where the condition is less than the
threshold, and right branches reflect counties where the condition is greater than or equal to it. The boxed values
represent the conditional average treatment effect (CATE) for each subgroup identified through model-based
partitioning.

The tree first splits counties based on broadband access, identifying 74% as a critical
threshold. This split reflects the foundational role of digital infrastructure in enabling virtual care.
For counties with broadband access below 74%, the second-level split is determined by the
availability of mental health providers, using a cutoff of 48 providers. In this segment, counties
with both limited broadband and fewer than 48 mental health providers experience the largest
reduction in suicide-related visits, with a CATE of -0.058: indicating telehealth had a strong

protective effect. In contrast, counties with similarly low broadband but more mental health
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providers still benefit (CATE = -0.015), though to a lesser extent. On the opposite side of the tree,
counties with broadband access > 74% are further split at 102 providers. Interestingly, these
relatively well-resourced counties show positive CATE values (0.016 and 0.032), implying either
neutral or slightly adverse effects of telehealth adoption on suicide-related visit rates. This result
suggests that in some high-capacity areas, telehealth may be a supplement rather than a critical
enabler, and its deployment may not reduce suicide-related crises without targeted intervention
strategies. Overall, this policy tree offers actionable insight: telehealth has the greatest impact in
digitally and medically underserved communities, and policies should prioritize these areas to
achieve the strongest mental health outcomes. This finding challenges a one-size-fits-all approach
and emphasizes the importance of equity-focused telehealth expansion strategies.
2.4.3 Causal Mediation Mechanism

We conducted additional analyses to gain deeper insight into the mechanism by
which telehealth adoption influences community mental health outcomes. Drawing from prior
literature, we theorized that one key channel through which telehealth adoption affects community
mental health is by altering in-person mental health clinic visitation. Specifically, we expect that
as telehealth becomes more accessible, it may substitute for in-person care, thereby reducing clinic
visits, which in turn influences mental health outcomes such aspoor mental health
days and suicide rates. To investigate this mechanism, we employed acausal mediation
analysis (Imai et al., 2010) a method increasingly used in empirical social science and health
research to decompose total treatment effects into direct and indirect pathways. In our context, the
total effect of telehealth adoption on a given mental health outcome is partitioned into (a) a direct
effect, capturing the influence of telehealth independent of in-person care; and (b) an indirect effect,

which operates through changes in in-person mental health clinic visits. We applied this
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framework using the outcome of poor mental health days as our dependent variable, with in-person
clinic visits as the mediator.

The results, reported in Table 6, indicate that a statistically significant portion of the total
effect of telehealth adoption on poor mental health days is mediated through reduced in-person
clinic visitation. This suggests that telehealth’s substitution effect plays a key role in shaping
community-level mental health outcomes. Specifically, we found that telehealth adoption
significantly decreases in-person visits, and that lower in-person care is associated with fewer
reported poor mental health days, supporting our theorized indirect pathway. The average causal
mediation effect is both statistically significant and substantively meaningful, accounting for a
notable share of the total treatment effect.

Our causal mediation analysis supports the view that telehealth adoption improves mental
health outcomes not only through direct channels (e.g., increased mental health days and decreased
suicide rates) but also indirectly by reshaping how communities engage with existing care systems.
These findings highlight both the mechanism of telehealth’s effectiveness and the importance of
considering substitution effects when evaluating digital health interventions.

Table 6

Mediating Role of In-Person Mental Health Visits in the Telehealth Effect on
Mental Health QOutcomes

Treated Units All Counties

Mediation effect (Telehealth — In-person visits —

— - skskok
Poor Mental Health Days) 0.00211-0.0034, 0.0011]

Direct effect (Telehealth — Poor Mental Health Days) —0.0046 [-0.0068, -0.0027] ***

Total effect (Telehealth on Poor Mental Health Days) —0.0067 [-0.0093, 0.0042] ***

Proportion mediated 0.3130.193, 0.447] ***

Note: Confidence intervals appear in brackets and are based on 1,000 bootstrap simulations.
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*#*%p < 0.01. All models include controls, county fixed effects, and time fixed effects.

2.5 Robustness Checks

While the results hold across several specifications and consistently support the notion that
the adoption of telehealth services is associated with an increase in community mental health well-
being, alternative explanations of this relationship exist. We thus extended our empirical analyses
to ensure the robustness of the observed effect. First, we evaluated the sensitivity of our DiD results
with respect to the matching method. Second, we analyzed whether modifying the treated group
changes our findings. Specifically, we redefined our treatment groups as those counties or their
neighboring counties that did not have telehealth services in 2017 but subsequently adopted them
in 2018, 2019, or 2020. Finally, we reiterate that our results are similarly valid under nonparametric
estimation.
2.5.1 Sample Selection Bias

Community’s hospitals make telehealth adoption decisions themselves. Therefore, our
sample has potential self-selection bias. To address this statistically, we used a Heckman model
(Heckman, 1979), which corrects this selection bias in the first stage through the selection equation
together with the conditional expectation of the dependent variable through outcome equation. The
selection equation helps to understand the factors that determine whether an individual county
belongs to the selected treated group or not. It models the probability of selection as a function of
various exogenous variables. For the selection model to control for endogeneity effectively, the
exclusion restriction variables must be important determinants of the dependent variable in the
selection model (i.e., isadopt) but unrelated to the dependent variable in the treatment effect model
(i.e., mentally unhealthy days, suicide rate)(Lennox et al., 2012). We introduced an exclusion

restriction variable county_size (; ), in the first stage. We note that county_size (; »affects county’s
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adoption of telehealth in the selection equation but does not directly affect the county’s overall
mentally unhealthy days in the outcome equation once the telehealth adoption has been established.
The following are the reasons for this. On the one hand, the geographic availability of health
resources determines hospitals’ decisions on whether to adopt telehealth (Cummings et al., 2017);
thus, county size (; ) can directly affect the dependent variable of the selection equation on
whether to adopt telehealth. On the other hand, mentally unhealthy days vary significantly across
counties; therefore, the county size is not likely to affect the county’s mentally unhealthy days.
Consequently, county size (; ywill not directly affect the dependent variable of the outcome
equation on the mentally unhealthy days. Thus, it can serve as an exclusion restriction variable in
the first stage. We can now write down the first stage selection equation as the following probit

model:

. _ (1 ifisadopt
isadopt it {0 otherwise
isadopt :t =ay; +aywi o +aX;, +uy,

where w; ; is the additional exogenous variable county_size ; ;,isadopt;, is a latent variable, and
u; ; 1s the idiosyncratic error term. Vector X; ; contains the covariates for the selection equation. In
the second stage, we estimated the outcome equation on the community mentally unhealthy days
by adding the inverse Mills ratio (IMR) to control for the selection bias, which is computed from
the first-stage regression. The IMR is significant in the second stage, thereby indicating that there
is indeed a sample selection bias in the yearly telehealth adoption decision (i.e., whether to adopt
or not), and this bias is corrected by the first stage selection equation in the Heckman selection

model. The results remain consistent with our primary results.
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2.5.2 Expanded Treatment Groups

For counties that do not provide telehealth services, there is an alternative way for people
living in those counties to get access to telehealth: receiving telehealth services provided by
providers in neighboring counties. To include those areas, we defined our treatment groups as those
counties or their neighboring counties that did not have telehealth services in 2017 but
subsequently adopted them in 2018, 2019, or 2020, while our control groups are those counties or
neighboring counties that did not adopt telehealth services from 2017 to 2021. We have 1,750
counties in treated groups and 1,089 counties in control groups. The result is consistent with our
primary results.

2.5.3 Alternate Staggered DID Estimation

Because telehealth adoption has occurred in many different counties during different years.
We adopted lead and lag estimator by Angrist and Pischke (2008) and Autor (2003) to demonstrate
the robustness of our results. The estimator defines group-time average treatment effects, ATE (g,
t), to be the average treatment effect for a particular group at a particular time. The result is
consistent with our main findings.

2.5.4 DID With Look-Ahead Propensity Score Matching (LA-PSM)

Following the methodology of Bapna et al. (2018), we utilized look-ahead propensity score
matching (LA-PSM) as a supplementary matching technique to our primary propensity score
matching (PSM) method. LA-PSM offers an advantage over traditional PSM by mitigating biases
arising from omitted unobserved variables. It does so by including control units subjected to the
treatment at a later stage. In our study, this means we first identified non-banned users comparable

to banned users using PSM and then refined this to include only those banned subsequently.
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2.5.5 Alternate Functional Form

Another robustness test involves evaluating the linear and additive structure of our main
estimation. The estimation via causal forest allows us to relax this assumption because of its
nonparametric structure, and as we discussed in section on HTEs estimated via causal forests, this
assumption does not influence our findings.
2.6 Implications
2.6.1 Key Findings

Drawing from the theoretical tenets of forms of social capital (Calderon Gomez, 2021;
Gilbert et al., 2022; Safiollah et al., 2009), we conceptualize and empirically test the relationship
between county-level telehealth adoption and county-level mental health well-being. We establish
the ATE as well as the HTEs. Building on burgeoning work in information systems and public
health (Baird et al., 2022; Barney et al., 2011; Byrow et al., 2020; Greenwood & Wattal, 2017; T.
Guo et al., 2021), we exploit the phased rollout of telehealth adoption for approximately 2,800
counties in the United States using consolidated archival data from 2017 to 2021. Results indicate
a significant decline in community mentally unhealthy days, following the adoption of telehealth
services. This findings extend our understanding on the positive impact of telehealth services on
individual level mental health from specific disease such as depression (Barney et al., 2011) and
PTSD (Morres et al., 2019) to overall community mental health well-being. Overall, the finding
suggests that adoption in a community of telehealth, as a novel form of digital capital that
virtualizes mental health care services, can improve the community’s mental well-being.

Additionally, empirical evidence from the causal forests also suggests that the impact of
telehealth services is heterogeneous across counties with different forms of capital. The main

findings from the causal forest analysis are as follows.
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First, our finding that broadband access itself does not lead to mental health outcome
improvement is consistent with existing evidence (Barney et al., 2011; Henrich et al., 2001). In
addition, we found that for counties with high digital access rates, the role of telemedicine plays a
smaller role in improving people’s mental health outcomes, compared to those counties with
relatively low digital access rates. This is likely because digital access itself is a double-edged
sword, which on the one hand provides access to health care resources while on the other hand
causes unnecessary comparison, peer pressures, and over-consumption, worsening mental health
outcomes. Therefore, having a high digital access rate alone does not amplify the positive impact
of telehealth on mental health.

Second, we found when digital capital is intertwined with other forms of social capital,
there are synergistic effects for beneficial mental health outcomes, echoing some existing studies
(Allen et al., 2014; Pinxten & Lievens, 2014). Specifically, digital infrastructure measured by
broadband access rate is a key effect modifier. Counterintuitively, our study reveals community’s
(county’s) with low broadband access rates benefit more from telehealth adoptions than their
counterparts with high broadband access rates do. This is likely because only basic digital
infrastructure is necessary to unleash the full potential of telehealth so that the influence of strong
digital infrastructure (measured by high broadband access rates) on telehealth’s impact is
constrained. We reinforced our findings by observing that, within counties with high bandwidth,
those with slower internet speed derived greater benefits compared to counterparts with faster
internet. The availability of high-speed internet in communities allows access and utilization of
high-bandwidth digital resources such as social media, potentially exerting a negative impact on
mental health (Braghieri et al., 2022). For counties with limited digital infrastructure, telehealth

can be advantageous in communities with low social capital but high cultural capital (measured by
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English-speaking rate) or economic capital (measured by unemployment rate), which are
consistent with the existing research (Marazziti et al., 2021; Sentell et al., 2007). These findings
extend our understanding on how different forms of capital underscore the importance of assessing
heterogeneous effect of telehealth adoption on community mental health well-being because
examining only ATEs may mask important heterogeneity and result in the misleading conclusion
that the effect is distributed evenly.

2.6.2 Implications for Theory and Research

This paper contributes to both the literature and practice on HIT. By bridging the literature
on telehealth and the literature on mental health, our study offers solid evidence for the promise of
telehealth adoption on community (county) mental health well-being, which is not readily
available from the existing literature. Our findings also open a new channel on how telehealth
adoption contributes to mental health well-being. While previous studies suggest that telehealth
could improve individuals’ mental well-being (Connolly et al., 2020), our paper shows that
telehealth achieves greater effect when combined with other forms of capital. We believe that such
findings are critical for community mental health due to the intertwined socioeconomic factors
leading to rising challenges of mental well-being.

Specifically, in the context of mental health and telehealth adoptions, the contribution to
theory highlights the importance of considering multiple dimensions of capital. It emphasizes that
the benefits of telehealth in improving community’s mental well-being are enhanced when
combined with digital infrastructure and economic, cultural, and social capital. This perspective
challenges a narrow focus on digital technology (Torous et al., 2020) alone and recognizes the
broader social and economic factors that shape the effectiveness and reach of telehealth

interventions.

52



The contribution to theory also highlights the importance of addressing disparities and
promoting equity (Gilbert et al., 2022). Whereas prior work provides evidence of how telehealth
under a defined condition (e.g., during the COVID-19 pandemic) can reduce disparities in mental
health outcomes (Qian et al., 2021), we explore the impact of telehealth adoption intertwining
different forms of capital to enhance community mental health conditions. Further, our research
provides valuable insights and has important implications for narrowing mental health disparities
within and between counties.

Methodologically, ours is, to the best of our knowledge, one of the first articles to address
this problem where we use both a DID approach to identify ATEs and causal ML to explore HTEs.
We obtained new insights that a purely deductive approach—a commonly used method examining
a single source of heterogeneity at a time—could have missed. The counties that benefit the most
from telehealth adoptions tended to report lower unemployment rates, lower broadband access at
baseline, and more mental health providers. In prior work examining heterogeneity deductively,
higher SES such as higher internet access alone is typically linked to resilience to people’s health
in general. Our ML-based inductive approach for effect heterogeneity allowed interactions
between multiple characteristics and revealed that higher internet access rate could backfire and
make people unhealthier when coupled with other adverse backgrounds such as economic hardship
and education problems such as not speaking English well.

2.6.3 Implications for Practice and Public Policy

The contributions and implications for practice and public policy stem from recognizing
the significance of digital capital, economic capital, and other forms of social capital in shaping
outcomes and informing strategies for improving mental health and health care access. Here are

some key contributions and implications.
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Understanding the interplay between different forms of capital can inform the design and
implementation of telehealth strategies. Practitioners can leverage digital resources while
considering economic and social factors to ensure the effectiveness and reach of telehealth
interventions. This may involve tailoring services to specific cultural contexts, providing financial
support for individuals with limited economic resources, and fostering community engagement to
promote telehealth adoption.

Recognizing the impact of different forms of capital helps identify and address health
disparities. Public policies can focus on reducing barriers to access for underserved populations,
particularly those experiencing poverty. This may involve initiatives such as subsidized internet
connectivity, increased funding for telehealth infrastructure in disadvantaged areas, and targeted
outreach programs to promote awareness and utilization of telehealth services among marginalized
communities.

This study provides evidence on the HTEs of telehealth services that can assist policy
makers and health care stakeholders in scoring and targeting customers and in allocating resources
across individual counties when designing policy or activity associated with telehealth on mental
health.

2.6.4 Implications for Future Work

It is important to note that this research is subject to some limitations. First, we are unable
to observe telehealth adoption at the more granular level such as at the zip code, street, or
individual level. Our work fills the gap of addressing the effect of telehealth adoptions on
community-level mental health status. However, additional work with more granular level data is

necessary if we want to understand heterogeneity better at lower levels of analysis.
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Second, the exclusion of telehealth services offered by private practices in our study stems
from data limitations. Conventional wisdom suggests that patients from vulnerable populations
tend to opt for public hospitals rather than private practices. Therefore, it is essential to underscore
that our research findings on uncovering HTE of telehealth on mental health to address mental
health disparities likely remain unaffected. Nevertheless, we recommend that future researchers
consider incorporating telehealth services provided by private practices to facilitate comparative
analysis and enrich the scope of our findings.

Third, while our study has demonstrated the significant impact of telehealth adoption on
improving mental health in counties, and we have identified heterogeneity in the effects across
different counties, we have not considered the efficiency or clinical quality of such services. Future
researchers should explore strategies to optimize the efficiency and quality of telehealth
interventions and improve their impact on mental health in diverse county settings.

2.7 Conclusion

This study contributes to the theoretical understanding and empirical investigation of the
intricate relationship between digital capital—telehealth and associated digital infrastructure—and
overall community mental health status. Mental health is a significant concern for public health
and society, attracting growing attention in medical and population health research. Nonetheless,
these important matters have received limited attention within the IS literature. In previous studies,
researchers have mainly discussed the social and health effects of digital technologies in the
context of the spread of public health problems (Bourdieu, 2011a; Lorant et al., 2003) and the
contagious effect of lifestyle decisions (Alegria et al., 2013). We hope that our study ushers in an
important area of IS research: the potential of telehealth to improve community mental health. Our

study highlights the positive impact technology can have on community mental health. We
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specifically examine the role of telehealth adoptions as a form of technology. Furthermore, we
highlight how contextual combinations of different forms of capital could dynamically influence
the benefits of telehealth adoptions on community mental health outcomes. We hope this research
sparks a new intellectual discussion around technology and mental health in the IS field and
hopefully in other literature. In this way, we hope to gain a deeper understanding of whether, how,

and why the use of digital technologies can gain positive effects on community mental health.
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Figure 1
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Chapter 3: Give a Man a Mask to Tell You the Truth: Anonymity and User Engagement:
Sensitive Information Exchange in Mental Health Context
3.1 Introduction

Mental health is a critical component of overall health and well-being. According to the
World Health Organization (WHO), one in eight people worldwide lives with a mental illness.’
Mental health conditions affect an estimated one in seven children and adolescents aged 10 to 19
years.? In the United States, an estimated more than one in five adults live with a mental illness
(59.3 million in 2022; 23.1% of the U.S. adult population).’

Community-based platforms such as social networking services (e.g., Facebook, Instagram)
and knowledge exchange websites (e.g., Quora, Stack Overflow) serve as vital venues for
individuals seeking support, information, and social connection. This is especially true for those
dealing with sensitive personal issues, such as mental health challenges, where traditional
resources such as therapy may be inaccessible or stigmatized. Recent studies show that 84% of
internet users have looked online for health information, and 41% have read or watched someone
else’s health experience on social media platforms (Chen & Wang, 2021; Farsi, 2021; Pew
Research Center, 2024). The COVID-19 pandemic accelerated this trend, with health-related
social media engagement increasing by 70% between 2019 and 2022 (Xin & Lim, 2024) Social
media have emerged as particularly critical platforms for health information interaction, serving

over million users globally who turn to them for support with sensitive health conditions (Wang &

7 Global Mental Illness Statistics: https://huntingtonpsych.com/the-latest-mental-health-statistics-what-the-numbers-
say-about-the-state-of-our-minds-in-2024.

8 https://www.who.int/news/item/09-10-2024-who-and-unicef-launch-guidance-to-improve-access-to-mental-health-
care-for-children-and-young-people

9 US Mental Illness Statistics 2025, National Institute of Health: https://www.nimh.nih.gov/health/statistics/mental-
illness.
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Cohen, 2023). Recent data indicates that people in the United States have shared health-related
information online, mental health content representing the fastest-growing category of health
discussions on social platforms (Miller, 2025).

A key determinant of the success and sustainability of these platforms is user participation.
Prior research has highlighted several platform features that influence participation, including user
ranking systems (Goes et al., 2016; Shen et al., 2015), symbolic incentives (Gallus, 2017),
interactivity (Jiang et al., 2010), and social network integration (Huang et al., 2017). Among these,
anonymity has emerged as a particularly powerful yet contentious feature. On the one hand,
anonymity can reduce barriers to participation by alleviating fears of judgment or social stigma,
making it especially valuable in health-related and mental health contexts (Bapna et al., 2016; Cho
& Kwon, 2015). On the other hand, it may also pose challenges related to accountability and
content quality. This sets up a critical tension between identity and anonymity —while identity
cues can enhance trust and engagement, anonymity can offer psychological safety and openness,
especially in communities where vulnerability and stigma are prevalent. This tension rises as
online health discussions evolve into mental health-specific spaces, where the stakes of identity
disclosure are significantly higher.

Major digital platforms have adopted diverse identity policies reflecting different
philosophical approaches to balancing user safety, content quality, and engagement. These policies
exist along a spectrum: LinkedIn and Facebook require real names and credential verification,
assuming accountability enhances trust and content quality; platforms such as Medium and Twitch
allow pseudonyms as middle-ground solutions; and Reddit embrace complete anonymity, arguing

that identity masking enables more diverse expression (Haimson & Hoffmann, 2016).
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Research has consistently demonstrated that anonymity facilitates self-disclosure across
both offline and online contexts. The classic “stranger on a train” phenomenon (Rubin, 1975)
revealed that individuals often share intimate details with anonymous strangers, challenging
assumptions about the necessity of established relationships for meaningful disclosure. Digital
environments amplify this effect through what Suler (2004) termed the “online disinhibition effect,”
where computer-mediated communication systematically reduces psychological barriers to self-
expression. For individuals with stigmatized conditions, these dynamics become particularly
salient. Social identity theory (Tajfel et al., 1979) suggests that people manage multiple identities
across different contexts, while social stigma theory (Goffman, 2014; Link & Phelan, 2001)
explains how individuals develop protective strategies when managing potentially damaging
information about themselves. Online anonymity represents one such strategy, allowing access to
peer support while maintaining protective boundaries around primary social identities. In addition,
in online communities such as Quora, users often have the option to share information about their
credentials besides identity, such as educational background, professional affiliation, or other
personal attributes—collectively referred to as disclosed credentials. These credentials serve as
visible indicators of a user’s authority, expertise, or social standing within the platform. For
instance, a user with a profile indicating they are a licensed therapist or hold a PhD in psychology
may be perceived as more credible in mental health discussions than an anonymous user without
such disclosures. In the context of this study, we use disclosed credentials as a moderator to
examine how the effects of anonymity on user engagement and emotional expression vary
depending on a user’s perceived status or authority within the platform. Specifically, we explore

whether users with fewer disclosed credentials—who may feel more socially vulnerable or less
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authoritative—experience greater increases in participation and openness when anonymity is
introduced, compared to users with more established or identifiable profiles.

In most existing studies, researchers have examined transitions from anonymous to
identified participation, focusing on how increased accountability affects content quality and
engagement (Chan et al., 2023; Guo & Caine, 2021; Guo et al., 2021; Huang et al., 2017; Pu et al.,
2020; Pu et al., 2024). Research on Facebook’s real-name policy implementation, Google+’s
identity requirements, and LinkedIn’s professional verification systems has similarly focused on
how increased accountability mechanisms affect user behavior, content quality, and community
dynamics (Cho et al., 2012; Lingel & Boyd, 2013). This emphasis reflects platforms’ general trend
toward greater identity disclosure but leaves unexplored the potentially beneficial effects of
transitions toward anonymity, particularly in sensitive health contexts where identity disclosure
creates participation barriers. Existing literature has extensively documented the effects of
transitioning from anonymous to identified participation across various online contexts.
Researchers examining platforms such as Wikipedia, Reddit, and various news comment sections
have consistently found that requiring identity disclosure tends to reduce overall participation
while potentially improving content civility and reducing harmful behaviors (Huang et al., 2017;
Puetal., 2020; Resnick et al., 2017). This research reflects broader platform trends toward identity
disclosure, driven by concerns about misinformation, harassment, and the commercial value of
identifiable user data. Platforms increasingly view anonymity as a problem to be solved rather than
a feature to be preserved, leading to policy changes that require progressively more identity
verification. Consequently, most of the empirical researchers have followed these platform

decisions, investigating how communities adapt when anonymity is removed or reduced.
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However, this extensive focus on anonymity-to-identity transitions has created a significant
research gap: we know remarkably little about what happens when platforms move in the opposite
direction. The reverse perspective—examining how user-generated content changes when
communities transition from identity disclosure requirements toward greater anonymity—remains
largely unexplored, despite its critical importance for understanding the full spectrum of identity
policy effects. This gap is particularly problematic in health contexts, where the stakes of identity
disclosure differ fundamentally from those in general social media or news commentary settings.
While requiring real names in political discussions might improve civility, the same requirement
in mental health communities could exclude individuals facing employment discrimination, family
rejection, or social stigma. The absence of research on anonymity-enabling transitions means that
platforms lack empirical guidance when considering policies that might improve access for
vulnerable populations.

The reverse-perspective investigation matters for several critical reasons. First, it
challenges the fundamental assumption that effects of identity policies are symmetrical. Research
has shown that psychological processes often exhibit asymmetries—gaining something and losing
the same thing can produce different effects due to loss aversion, framing effects, and different
cognitive pathways (Kahneman & Tversky, 1984). In the context of online identity, removing
anonymity may activate different social and psychological mechanisms than granting it,
particularly when stigmatized identities are involved. Understanding these potential asymmetries
is essential for developing nuanced theoretical models of online identity management. Second, the
reverse perspective offers practical insights for platform governance in an evolving digital
landscape. As concerns about online harassment, doxxing, and privacy violations intensify, many

platforms are reconsidering blanket identity disclosure requirements, particularly for sensitive
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topics. However, these policy discussions currently rely on theoretical speculation rather than
empirical evidence. By systematically examining how communities respond when anonymity
protections are introduced rather than removed, researchers provide actionable guidance for
platform designers seeking to create safer, more inclusive digital health spaces without sacrificing
the quality and credibility that make these communities valuable.

We examine two specific research questions that directly address the core tension:

1. What are the effects of transitioning from identity disclosure to anonymity on the quantity
and quality of user-generated content in online mental health communities?

2. How do user credentials moderate the impacts of transitioning from identity disclosure to
anonymity on content quality in online mental health communities?

The first research question is to challenge the assumption that anonymity necessarily
degrades content while potentially revealing how identity protection affects participation barriers.
And the second question acknowledges the heterogeneous nature of community participants and
examines whether anonymity’s effects vary across different types of contributors.

We conduct this research through a quasi-experimental design on Quora, a question-and-
answer platform with over 400 million monthly users that has undergone significant evolution in
its identity policies.!’ Quora presents an ideal natural shock for several reasons: its explicit focus
on knowledge sharing creates clear metrics for content quality assessment, its structured Q&A
format facilitates systematic analysis of information-seeking and information-provision behaviors,
and its policy evolution regarding anonymity provides natural experimental conditions.

Importantly, Quora exemplifies the central tension this research addresses. The platform must

10 Reach over 400 million monthly unique visitors on Quora: https://business.quora.com/resources/reach-over-400-
million-monthly-unique-visitors-on-quora/.
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balance its reputation for expert-driven, credible content with the need to provide accessible spaces
for individuals seeking peer support around stigmatized conditions. Quora’s initial emphasis on
real-name policies and credential verification has gradually shifted toward allowing total
anonymity, creating an opportunity to examine how these changes affect community dynamics and
content characteristics.

This research contributes to our understanding of digital health community design by
providing empirical evidence about the relationship between identity policies and community
outcomes in sensitive health contexts. Rather than accepting assumed trade-offs between access
and quality, we examine whether alternative approaches to identity management might resolve
rather than merely navigate the central tension. The findings have implications extending beyond
platform design to public health policy regarding digital health resources, health equity
considerations in technology design, and the broader question of how digital technologies can be
leveraged to reduce rather than reproduce existing health disparities. By focusing specifically on
the transition toward anonymity in mental health contexts, we address a critical gap in our
understanding of how to design inclusive digital health infrastructure that serves both individual
and community needs.

3.2 Literature Review

Our research draws on two streams of literature: identity disclosure and online user
behavior.

3.2.1 Identity Disclosure in Online Environments

Identity disclosure represents a fundamental aspect of human social interaction,
encompassing the voluntary revelation of personal information, thoughts, feelings, and

experiences to others (Pu et al., 2020). Researchers have defined identity disclosure as “what
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individuals verbally reveal about themselves to others (including thoughts, feelings, and
experiences)” (Kim & Dindia, 2011). Building on foundational theories such as Goffman’s (1959)
dramaturgical perspective on self-presentation and Suler’s (2004) online disinhibition effect,
recent research has expanded our understanding of identity disclosure in online settings.
Specifically, Balani and De Choudhury (2015) focused on explaining the decision to reveal a secret
or divulge that one has an illness, such as HIV. Individuals who perceive their illness to be
stigmatized may find it challenging to engage in self-disclosure. Zhou et al. (2025) showed that
identity-related roles in self-governance (e.g., community arbitrators) create new layers of
disclosure. While not requiring real-name identification, participation in moderation confers status
and visibility, altering behavioral incentives. Similarly, Wang et al. (2021) explored how identity
signals influence peer feedback dynamics, finding that identifiability enhances accountability and
social learning but may also produce selective disclosure. These insights align with broader studies
in mass communication and information systems, such as those by Rains (2007, 2014), who
showed that identity cues and source credibility significantly shape perceptions of online health
information. In academic Q&A forums, identifiability can simultaneously facilitate trust and
inhibit controversial contributions, depending on topic sensitivity (Lee et al., 2014; Wang et al.,
2013). Across these works, a consensus emerges: identity disclosure is neither inherently beneficial
nor detrimental. Its effects depend on the platform architecture, user role, and topic domain.
Researchers have long been interested in social technologies for online anonymity. People
frequently use anonymity to mitigate social risks and manage complicated social boundaries. The
concept of anonymity online is best understood as a spectrum involving varying degrees of
identifiability (Andalibi et al., 2016; Van der Nagel & Frith, 2015). A growing body of research

highlights the double-sided effects of anonymity—defined as the absence or masking of
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identifiable user information—on online communication. Prior studies have emphasized the
advantages of anonymity: it promotes more candid and open self-expression and makes self-
disclosure and social support easier (Deng et al., 2021; Guo & Caine, 2021), particularly when
discussing delicate and taboo subjects such as socioeconomic difficulties associated with poverty
(Rho et al., 2017) as well as revelations of sexual assault disclosure (Andalibi et al., 2016) and
pregnancy loss (Andalibi, 2019). This safe space contributes to a sense of psychological relief and
social connection, even in the absence of physical proximity. Similarly, in political and civic
forums, anonymous participation can reduce the influence of social hierarchies and promote more
equitable dialogue (Zhou et al., 2025). Existing research also shows that, under certain conditions,
anonymity can heighten group identity salience and enhance norm-conforming behaviors (Deng
et al.,, 2021). Anonymity is an essential factor in designing social technologies that facilitate
support seeking and provision in socially stigmatized contexts (Andalibi, 2019; Andalibi et al.,
2016). However, anonymity can reduce accountability, lower perceived source credibility, and
increase the likelihood of incivility and antisocial behavior. Wang (2020) found that anonymous
commenters on news websites were perceived as less credible and their messages less persuasive,
particularly when incivility was present. These findings align with earlier work by Rains (2007),
which showed that a lack of identity cues diminishes perceptions of trustworthiness and social
presence. Deindividuation theory (Reicher et al., 1995; Suler, 2004) further suggests that reduced
identifiability can lead to disinhibited behavior, such as flaming, trolling (Chan et al., 2023; Guo
& Caine, 2021), cyberbullying (Chan et al., 2023; Law et al., 2012) and other forms of norm
violation. Additionally, researchers suggested that anonymity can make it difficult for people to
establish trust or get credit for one’s contributions in groups and thus hinder online community

building (Gupta et al., 2020).
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Overall, internet users are supportive of anonymity: 59% of internet users say that they
should be able to use the internet anonymously (Ireland, 2024). However, many online platforms
are implementing increasingly strict name verification policies. These policies often require users
to provide real names and integrate their accounts with established social networks such as
Facebook or Google, effectively reducing anonymity. In addition, prior researchers have heavily
focused on demonstrating the inhibition effect of real identity disclosure in digital platforms
(Huang et al., 2017; Pu et al., 2020). We found no systematic study of the inhibition effect of real
identity masking: how the transition from real name to anonymity impacts user behavior,
participation levels, and content sharing patterns. Given the contrasting theoretical possibilities of
anonymity—that it may either encourage authentic expression and participation by reducing social
inhibition or conversely lead to decreased engagement and lower-quality content due to reduced
accountability—it remains empirically unclear how much users value their online identity masking
in mental health context. In addition, our emphasis on user behaviors when identity was masked
from real name extends the focus beyond the predominantly identity disclosure behaviors
examined in extant studies (see Table 1). This is meaningful because it helps the literature cover a
fuller spectrum of user participation dynamics, addressing the understudied area of how identity
concealment—as opposed to identity revelation—affects engagement in online community-based
platforms

Despite extensive research on online behavior, no researcher has systematically examined
how transitioning from real names to anonymity affects user participation, content sharing, and
engagement patterns. Given competing theoretical predictions that anonymity either enhances

authentic participation through reduced inhibition or diminishes engagement through reduced
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accountability, the actual behavioral effects of identity masking remain unclear, especially in
sensitive contexts such as mental health where anonymity may be particularly important.

Our focus on behaviors under anonymity extends beyond existing studies in which
researchers primarily examined voluntary identity disclosure (see Table 1). We address a
significant literature gap by investigating how identity concealment—rather than revelation—
affects user engagement, help the literature cover a fuller spectrum of user participation dynamics,
and address the understudied area of how identity concealment—as opposed to identity
revelation—affects engagement in online community-based platforms.

Table 1

Example Studies on Identity and User Behaviors

R h
Study CZ:leti;ct Identity Strategy | Posting vs "Liking"
Fredheim et al. Anonymity to :
Huffington Post Post
2015 HHneton 1o identity disclosure ostng
Paskuda and Anonymity to :
. S Post
Lewkowicz 2017 Quora identity disclosure OSHng
Yelp and Anonymity to :
H tal. 2017 . ; e Post
Hang cta TripAdvisor identity disclosure ostng
. A ity t :
Brown et al., 2018 | Reddit ) non.yml'y 0 Posting
identity disclosure
t li A ity t .
Puetal., 2020 Corpora 6? Online ) nonhymlly © Posting
Community identity disclosure
Guo and Caine, Anonymity to .
Yahoo A . S Post
2021 anoo AANSWELS identity disclosure OSHng
A ity t :
Chan et al., 2023 Facebook ) non.yml‘y 0 Posting
identity disclosure
Platform’ o
Qian et al., 2024 Douban ariorm s . Liking
anonymous policy
) Platform’s )
This study Quora ) Posting
anonymous policy
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3.2.2 User Engagement in Online Settings

User engagement in Q&A sites is commonly measured through interactivity, including core
activities such as asking, answering, following, commenting, upvoting, and downvoting (Li et al.,
2012; Qian et al., 2024). Differences in engagement may also stem from identity disclosure
policies. For instance, two news sites saw fewer comments after disabling anonymity and requiring
Facebook login (Fredheim et al., 2015; Guo & Caine, 2021; Huang et al., 2017; Pu et al., 2020).
These studies compared engagement when the platform policies transited from anonymity to
identity disclosure.

Existing literature evaluates and predicts information quality on Q&A sites (Li et al., 2015;
Ponzanelli et al., 2014). The most relevant predictors of quality include the price required for an
expert to post an answer (Song et al., 2024), length of answer (Lou et al., 2025), language
characteristics (Huang et al., 2017), upvotes (Graham & Rodriguez, 2021;Wang et al., 2013),
downvotes (Ponzanelli et al., 2014), and factual information (Li et al., 2015). Information quality
may also be associated with different types of identity. For example, after sites removed the option
to engage anonymously (i.e., the identity model changed from allowing anonymity to disallowing
anonymity), comment quality improved on online news sites (Fredheim et al., 2015) and online
corporate communities (Pu et al., 2020).

Identity, topic sensitivity, and user engagement are related in online communities such as
Q&A sites. When people use their real names to pose questions on social networks to their friends,
family, and colleagues, they tend to provide answers to less sensitive questions (Hart et al., 2021;
Morifia, 2021). In contrast, when people ask and answer questions to strangers via anonymous
platforms such as Facebook confession boards, the topics tend toward more sensitive topics (e.g.,

health, illegal substances, sex) (Birnholtz et al., 2015).
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There is no universally adopted definition of what constitutes sensitive content. Each online
service provider defines sensitive data independently, describing it in the service’s privacy policy
or terms of service. For example, according to Google’s privacy policy, sensitive personal data
includes private medical details, racial or ethnic background, political or religious affiliations, and
sexual orientation (Duffourc & Gerke, 2024), and Google does not link cookies or anonymous
identifiers to sensitive ad categories, such as those related to race, religion, sexual orientation, or
health (Chandrasekharan et al., 2018). Facebook’s advertising policies restrict advertisers from
targeting individuals based on sensitive personal attributes. These include characteristics such as
race or ethnicity, religious or philosophical beliefs, age, sexual orientation or activity, gender
identity, disabilities or health conditions (both physical and mental), financial status, trade union
membership, and criminal history (Bond, 2021; Broniatowski et al., 2022). Quora considers adult
content to be sensitive on questions and answers related to that type of content (Guo & Caine,
2021). Legal and data protection authorities have proposed their own definitions of sensitive
content, which parallel but do not perfectly align with those that online service providers use.

User perceptions of what constitutes sensitive content often diverge significantly from the
categories that both online services and policymakers establish. Privacy experts call for definitions
that would allow the concept of sensitive data to “evolve over time and depend on the context,
technologies, the use made of the data and even the individuals themselves” (CNIL Annual Report
2024). Despite this recognized need for contextual and user-centric approaches to sensitivity, no
researchers have empirically examined how users behave when engaging with sensitive topics.
This research gap is particularly significant given the increasing emphasis on user agencies in data
protection frameworks and the growing recognition that one-size-fits-all content policies may be

inadequate. While substantial research exists on general user behavior and content moderation
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policies, the specific question of how users behave in sensitive content contexts—such as sharing
behavior, commenting patterns, or emotion expression — remains largely unexplored.
Understanding these behavioral dynamics is crucial for developing more effective and user-
centered approaches to content governance, particularly as platforms struggle to balance free
expression with user protection in an era of increasingly diverse and global user bases.
3.3 Theoretic Framework and Hypotheses Development

We draw on Goffman’s (1963) theory of stigma management and Suler’s (2004) online
disinhibition effect (ODE) to explain self-disclosure in anonymous online mental health
communities. While Goffman emphasized the strategic concealment of stigmatized attributes in
everyday interactions to preserve social identity, Suler offered a psychological account of how
online affordances reduce behavioral inhibition. In the digital contexts, users can selectively
manage their identities by leveraging dissociative anonymity, invisibility, and asynchronicity —
affordances that mitigate the risks of social exposure (Suler, 2004). Suler defined ODE as the
tendency for individuals to exhibit reduced behavioral inhibitions and express themselves more
openly or intensely in online interactions compared to similar face-to-face situations. He identified
several interrelated psychological factors that contribute to this phenomenon. Dissociative
anonymity allows users to feel detached from their real-world identity, while invisibility removes
the physical presence of others, reducing social cues and judgment. Asynchronicity gives
individuals time to reflect and carefully prepare responses, unlike real-time conversations.
Through solipsistic introjection, users may unconsciously assign imagined traits or voices to their
online counterparts, merging their own internal dialogue with the other person. Dissociative
imagination leads users to view online interactions as part of a make-believe world, disconnected

from real-life consequences. Finally, the minimization of status and authority reduces visible
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hierarchies, fostering a sense of equality that can further embolden self-expression. Together, these
factors help explain why people may disclose more personal information, show heightened
emotion, or act more freely in digital spaces.

Suler’s ODE framework is particularly relevant to the present study examining self-
disclosure within anonymous online health communities. Specifically, the dissociative anonymity
factor directly relates to the core feature of the community we are studying, where users can post
without revealing their real names or identities. This lack of identifiability likely reduces the
perceived social risks associated with sharing sensitive health information. Furthermore, the
invisibility inherent in this text-based forum environment removes nonverbal cues (e.g., blushing,
looking away) that might inhibit disclosure of potentially embarrassing health details in face-to-
face settings. Similarly, asynchronicity allows users time to prepare potentially difficult or
emotional disclosures about their health conditions, possibly leading to more deliberate and
detailed sharing than might occur spontaneously.

Based on how these specific factors of the ODE are situated within the context of
anonymous online health communities, we theorize the following effects regarding user self-
disclosure.

Drawing on the principle of dissociative anonymity reducing perceived risk, we predict
that posts made under conditions of higher anonymity (e.g., fully anonymous vs. pseudonymous,
if applicable, or compared to hypothetical identifiable posts) will exhibit greater depth of self-
disclosure (e.g., sharing more intimate details, vulnerabilities, or stigmatized information). In
online Q&A platforms, anonymity removes the fear of being judged, labeled, or having personal
disclosures tied back to one’s real-world identity. This perceived safety net makes users more

comfortable discussing vulnerable aspects of their health—particularly mental health issues, which
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are often associated with stigma and social sensitivity. The relationship between anonymity and
self-disclosure is especially relevant in the context of mental health, where users may hesitate to
share their experiences under conditions of identifiability. Anonymity allows users to speak more
freely about emotional struggles, psychological symptoms, trauma, or diagnoses without fear of
reputational harm. That is, users may be more likely to respond to mental health-related questions
when doing so anonymously feels safer and less personally exposing. Therefore, we posit the
following:

Hla: Transitioning to anonymity will significantly increase the number of answers
provided by users in online mental health discussions.

Stemming from the principle of invisibility—which removes nonverbal feedback and
social presence—and asynchronicity, which allows users to prepare responses more deliberately,
anonymous online environments often lower the emotional and social barriers to disclosure. In
particular, when users interact without revealing their real names or identities, they may feel less
constrained by social norms, fear of judgment, or reputational concerns. This reduced inhibition
can lead to greater openness, especially around distressing or stigmatized topics such as mental
health. Therefore, we hypothesize the following:

H1b: Transitioning to anonymity will significantly increase the specific information related
to mental health conditions and symptoms—as measured by a specificity score.

Dissociative anonymity can reduce the perceived connection between one’s online actions
and offline identity, making users feel psychologically distanced from the consequences of their
disclosures. This detachment often lowers self-censorship, particularly when discussing topics that
carry social risk or stigma. Health issues such as mental illness, sexually transmitted infections

(STIs), or substance use are often subject to judgment or shame in public or semipublic spaces. An
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anonymous setting, by contrast, allows users to externalize these experiences without fear of
recognition or backlash. The result is a digital environment that supports more candid, unfiltered
conversations about stigmatizing topics. Considering that dissociative anonymity might make
actions feel less tied to the “real self,” we predict that users will be more likely to disclose socially
sensitive or potentially stigmatizing health information (e.g., related to mental health, STIs,
substance use) in anonymous posts compared to less anonymous conditions. Thus, we posit the
following:

Hlc: Transitioning to anonymity will result in significantly increased emotional expression,
particularly the expression of negative or stigmatized emotions (e.g., anxiety, anger).

Although people generally believed that platform name policies influence user-generated
content, this impact is not uniform across all users. It is important to recognize that specific
credentials of content creators may moderate the effect of identity disclosure or anonymity. For
instance, geographic location can shape both cultural attitudes toward privacy and the perceived
risks of disclosure. As Forman et al. (2008) and Crossler and Belanger (2019) noted, users from
regions with stronger privacy norms or higher stigma around mental health may respond more
positively to anonymity, contributing more openly when their identity is masked. Similarly,
professional background may moderate the effect. Peng (2021) found that individuals in
prestigious or high-responsibility professions may be more cautious about disclosing sensitive
information due to reputational concerns, making them more likely to reduce participation under
real-name policies. Last, education level can influence how users perceive and navigate identity
policies. Chi et al. (2022) suggested that individuals with higher education levels might be more
aware of privacy risks or be strategic in managing their digital identities, which may either amplify

or dampen the effects of anonymity depending on context.
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Taken together, these factors suggest that the relationship between identity policies and
online engagement is not one-size-fits-all—rather, who the user is, where they are from, and what
they bring to the platform shapes the relationship. In our research we seek to uncover these nuanced
dynamics by examining how user credentials interact with shifts from identity disclosure to
anonymity in the mental health context.

Therefore, we posit the following hypotheses:

H2a: Users with high credential disclosure will experience a smaller increase in content
quality under anonymity compared to users with low credential disclosure.

H2b: Users with high credential disclosure will experience a smaller increase in content
specificity under anonymity compared to users with low credential disclosure.

H2c: Users with high credential disclosure will experience a smaller increase in content
discrete emotion under anonymity compared to users with low credential disclosure.

3.4 Research Design and Methodology

The nature of online communities is that discussion of socially undesirable topics can be
stigmatizing. Online Q&A communities offer a novel context in which to explore the implications
of stigma and anonymity for ongoing self-disclosure about mental health. It became a popular
arena for support and sharing of experience, knowledge, and advice among users. Users who help
each other cope with different mental health conditions and learn together about mental health-
related issues and behaviors use these platforms daily. Online Q&A communities are also
noteworthy because they allow individuals to feel anonymous when self-disclosing. Users may
strategically choose to conceal some or all information about their identity by using a pseudonym
or nickname in place of their legal name, providing no identifying information, or using other

strategies (Qian & Scott, 2007).
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The preceding discussion of self-disclosure, stigma, and anonymity suggests several
hypotheses. First, concerns about social disapproval associated with health-related stigma may
serve to stifle self-disclosure. Anonymity may reduce concerns about social sanctions and enable
individuals to relieve distress associated with discrimination and fear through self-disclosure.
Anonymity could serve as a form of covering (Goffman, 2014) that allows users to share their
health experiences without the stigma associated with their condition becoming obtrusive. Users
may communicate their health experiences without the stigma connected with their condition
becoming overt if they remain anonymous (Goftman, 2014). Existing literature shows users would
be motivated to be anonymous to cancel their identity when they want to share greater levels of
embarrassment about their illness (Warner et al., 2011). However, more research is necessary on
the impact of identity intervention on promoting users’ self-disclosure. Therefore, we propose that
anonymity moderates the relationship between perceived health-related stigma and self-disclosure,
which shifts the nature of contents (from more factual to more personal).

Second, although it is generally believed that platform name policies influence user-
generated content, this impact is not uniform across all users. It is important to recognize that the
effect of identity disclosure or anonymity may be moderated by the specific credentials of content
creators. For instance, geographic location can shape both cultural attitudes toward privacy and
the perceived risks of disclosure. As Forman et al. (2008) and Crossler & Belanger (2019) note,
users from regions with stronger privacy norms or higher stigma around mental health may
respond more positively to anonymity, contributing more openly when their identity is masked.
Similarly, professional background may moderate the effect. Peng (2021) finds that individuals in
prestigious or high-responsibility professions may be more cautious about disclosing sensitive

information due to reputational concerns, making them more likely to reduce participation under
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real-name policies. Lastly, education level can influence how users perceive and navigate identity
policies. Chi et al. (2022) suggest that individuals with higher education levels may be more aware
of privacy risks or more strategic in managing their digital identities, which may either amplify or
dampen the effects of anonymity depending on context.

Taken together, these factors suggest that the relationship between identity policies and
online engagement is not one-size-fits-all—it is shaped by who the user is, where they are from,
and what they bring to the platform. My research seeks to uncover these nuanced dynamics by
examining how user credentials interact with shifts from identity disclosure to anonymity in the
mental health context.

3.4.1 Research Context: Quora

We tested our research hypotheses in the context of Quora.com, the largest social Q&A
platform in the US. Established in 2009, Quora is the largest peer-to-peer network of knowledge
exchange and question and answers in the United States. We chose to investigate Quora for the
following reasons. Quora is one of the largest social media platforms, with over 400 million
monthly active users in 2024. Unlike other major social media platforms such as Reddit and Twitter,
Quora strictly applied the name policy in 2014 but rescinded it in April 2021. The policy
significantly reduced users’ visibility and offered an alternative to being completely anonymous.
The username status change and corresponding credentials are publicly observable on Quora.

Therefore, we could leverage the available data to extract comprehensive insights from the
platform. In this study, we leveraged this exogenous shock as a natural experiment to explore the
influence of anonymity on the quantity and duration of users’ content engagement across sensitive
topics. Specifically, we wanted to set our context in more socially undesirable topics such as mental

health. We leveraged the readily available data to extract comprehensive insights from the platform.
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We used this exogenous shock as a natural experiment to explore the impact of name change on

the quantity and nature of users’ content engagement across sensitive topics. We specifically set

our context on more socially undesirable topics such as mental health.

Figure 1

Screenshot of Profiles Pages with Different Identity Display

No real identity revealed

Kelly Crouse

12 followers - 13 following

Real identity revealed

Figure 2

Screenshot of Profiles Pages with Different Types of Credentials

Andi T

1 follower - 0 following

® Follow £\ Notify me (@ Ask

A Person
1,130 followers - 2,426 following

(@ Follow £\ Notify me @ Ask

The instruments have been played; the animals are awake. Student of mental health
and psychology. | mainly ask questions about the life sciences, the healing arts, my
hobbies, and my general interest. W...

364

Profile Most recent v

2 Pin

3.5 Sample and Variables

Credentials & Highlights

& Joined February 2016

Andi has not filled out their profile.

Credentials & Highlights
R 2 followers you know
Dorothy M Nedde

@ Retail Manager (Store and Multi-Site) for 12
Years

1 B.Sc. in Psychology, The University of
Newcastle (Australia) Gra 4 2024

@ Lives in Sydney, Australia

® 813.7K content views 5K this
# Active in 98 Spaces

@ Knows French

& Joined November 2015

We based our analysis on a user-level weekly panel dataset drawn from a comprehensive

online knowledge question and answer community. The final sample included 2,703 user-week
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observations from 760 matched users observed over approximately 26 weeks, spanning both the
pre- and post-policy change periods.
3.5.1 Variable Definition
Table 2 succinctly describes the constructs of this study.
Table 2

Definitions of Constructs

Constructs Variables Descriptions
Perceived Anonymity Binary construct on whether users’
Identifiability (binary) identity is revealed
Quantity The number of answers per question
The score measures how detailed and
Specificity precise each answer is in addressing
mental health symptoms using LLMs
User Engagement The score indicates how each answer
. reflected a specific emotional state,
Discrete .
Emotions such as happiness, anger, fear,

sadness, contempt, and surprise using
LLMS
The number of credentials users

User Credentials | disclosed, such as profession,
location, and registration age.

Dependent Variables
We used three outcome variables to capture both the quantity and quality of user-generated
content within the mental health community. We measured each variable at the user-week level.
1. Quantity
We measured this variable as the number of answers per question; this variable captures

the quantity of user contributions.
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2. Specificity

This variable evaluates how detailed, precise, and symptom-relevant each answer is. Using
LLMs, we scored answers based on the presence of symptom-specific information. The goal was
to capture the informational quality of responses within a mental health support context. The
rationale is that high-quality answers in clinical or diagnostic contexts should explicitly address
the symptoms presented. LL.Ms, with their capacity to understand and extract nuanced information,
can help quantify this alignment. By focusing on symptom-specific content, we rated responses
that are more informative rather than generic or vague.

3. Discrete Emotions

This variable captures the emotional tone conveyed in each answer. Using LLMs, we
scored responses based on the presence of specific, discrete emotions: happiness, anger, fear,
contempt, surprise, and disgust, following the framework that Ekman et al. (1999) proposed. We
chose these six emotions because of their universality—reliably recognized across cultures and
expressed through consistent facial and verbal cues. By focusing on this set, we tapped into a well-
established psychological model that helped us identify meaningful emotional signals. Measuring
these emotions allowed us to assess whether responses exhibited empathy, distress, bias, or other
affective cues that may shape user experience, trust, and perceived credibility. While other
emotional taxonomies exist, Ekman’s model provides a clear, manageable set of categories that
are both theoretically grounded and computationally tractable.

LLMs are increasingly used to score text data in online communities due to their advanced
natural language understanding, scalability, and adaptability (Tai et al., 2024). Unlike traditional
keyword-based or lexicon-driven methods, LLMs can interpret the semantic and contextual

nuances in user-generated content. This makes them particularly effective for analyzing complex
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text. First, an LLM provides consistent evaluations because it does not rely on other
contemporaneous information (given an appropriate prompt) or personal opinions that could
introduce biases, ensuring a reliable, consistent, and objective assessment of texts on online
communities. Second, as an algorithm, LLM does not have the capacity constraints of humans and
can process many texts in a short time frame.

In this research context, we used ChatGPT-4 to generate the specificity and discrete
emotion score. When given a proper prompt, ChatGPT draws on this vast learned knowledge—
acquired through a combination of supervised learning and reinforcement learning techniques—
to interpret the input and generate the most contextually appropriate response based on statistical
patterns in language. This allows it to notice intricate linguistic patterns and contextual correlations.
In our study, we provided the following prompt for all the answers posts in the sample:

“Think of yourself as a social media guru with expertise on mental health. Based on the
text, please answer the following questions:

1. How specifically does this answer post reveal the symptoms of the mental health related
disease? Please give them a score.

2. What are the discrete emotions (happiness, sadness, fear, anger, disgust, surprise) this
post reveals? Please give them a score based on different kinds of emotions”

Independent Variable

Our main independent variable is a dichotomous indicator: Yi, which equals 1 if
anonymous users i generated answers in week ¢ otherwise, 0. We designed the independent
variables to estimate the causal effect of the policy change from identity disclosure to anonymity,

using a DID framework.
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Moderators

To explore HTEs, we included a moderator that captures differences in users’ identity
disclosure behavior. Credential Disclosure reflects the degree to which users share personal
credentials on the platform. We coded it as a binary variable, where High Credential Disclosure
refers to users who disclose more than two types of credentials—such as education, profession, or
location—while Low Credential Disclosure applies to users who disclose two or fewer types.
Control Variables

We included several time-varying control variables in our panel regression models to
account for content visibility and platform-level engagement dynamics that may influence user
behavior independently of the policy change. These controls included Question Age, which
captures the time elapsed between the creation of a question and the implementation of the policy;
Number of Upvotes, which reflects the positive reactions or thumbs-up an answer receives,
indicating its perceived helpfulness or popularity among users; Number of Shares, representing
how frequently an answer is shared, thereby capturing its reach within and beyond the platform;
and Number of Views, which denotes how many times an answer is viewed each week, serving as
a proxy for content exposure and visibility.

We included these controls to account for fluctuations in content popularity that could
otherwise bias our outcome measures. By adjusting for these factors, we aimed to isolate the
treatment effect from engagement driven by visibility or algorithmic amplification. Including these
variables helped ensure that we are not mistakenly attributing the effects of high exposure or
platform-driven traffic to policy intervention.

Additionally, our models incorporate user fixed effects, which control for unobserved time-

invariant individual characteristics such as user baseline activity levels, writing ability, or previous
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platform engagement. We also included weekly fixed effects to account for broader platform-wide
trends, such as seasonal fluctuations or overall growth in user activity. Together, these controls and
fixed effects substantially strengthen the identification strategy by accounting for both observed
and unobserved heterogeneity in content-level and temporal dynamics.

Table 4

Variables, Definition, and Descriptive Statistics

Variables Mean Std dev. Min. Max.
Specificity 0.61 0.17 0.13 0.89
score

Anger 0.73 0.12 0.44 0.92
Joy 0.37 0.06 0.20 0.54
Sadness 0.31 0.05 0.31 0.67
Fear 0.24 0.12 0.14 0.56
Disgust 0.27 0.08 0.17 0.34
Suprise 0.25 0.04 0.12 0.56
#Credential 3 1.31 0 8
Question 3.57 2.53 -1.92 10.33
Age (year)

# Answersit 30.00 20.03 0.00 78.63
# Voteupsit 15.76 45.21 0.00 726.00
# Sharesi; 12.37 10.26 0.00 68.00
# Viewsit 135.25 230.36 0.00 63391

3.6 Empirical Approach

We applied the following two-step empirical approach to address all our hypotheses. First,
we matched each answer without real usernames to an answer without real usernames using PSM.
We conducted this step because a primary concern regarding endogeneity is the nonrandom
selection of users to display users’ names. One could argue that inherent differences may exist

between our treatment and control groups. PSM ensures that answers by users with real usernames
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and answers by users without real usernames are as similar as possible with respect to an array of
observable characteristics. Following PSM, we conducted DID analysis to evaluate pre- and post-
policy changes in our variables of interest.

3.6.1 Step 1: PSM

We adopted the PSM method (Stuart et al., 2014) to mitigate potential selection bias
concerns. Specifically, we included a series of variables, wherein time-varying covariates are
measured using their pretreatment values from the period immediately before the policy
introduction: the years since the creation of the question before the policy, the number of upvotes
per answer, the number of shares per answer, the number of upvotes per answer, the number of
views per answers, and whether the question was raised by a user awarded a Top Writer badge by
Quora.

We employed the Matchlt package in R to perform an exact one-to-one matching. Notably,
after matching, the differences for all covariates between the treatment and control groups become
insignificant, suggesting that the treatment and control groups are appropriately matched, and that
the covariate imbalance has been greatly reduced, as Figure 3 illustrates: the density distributions

of propensity scores perfectly overlap, indicating a good match.
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Figure 3

Density Distribution Plots of Logit Estimates for Propensity Scores
Before and After Matching
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3.6.2 Step 2: DID

In line with prior literature (Burtch et al., 2018; Shan & Qiu, 2023), we employed a two-
way fixed-effects DID regression specification that allowed us to investigate our research
questions:

Log(Y;;) = B (Answer;; X PostAnonymity) + yX;: + 4; + € (1)

There are three sets of dependent variables: the number of answers, the specificity score of
the answers, and the discrete emotion score of the answers: Y, we considered two aspects of user’s
participation in user i in week t: the number of answers. The key coefficient f (Answer;; X
PostAnonymity) indicates the causal effect of anonymity on the outcome. To improve the
robustness and interpretability of our regression analysis, we normalized the scale of these
variables using a logarithmic transformation because of their skewed distribution (J. Wang et al.,

2022). The independent variable serves as a dummy variable indicating whether user i generated
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an answer during week ¢. The term X;: contains a series of control variables: the years since the
creation of each question to week t, the number of upvotes per answer, the number of shares per
answer, the number of comments per answer, and the number of views per answers per week.
Finally, we included user-fixed effects A ; to control potential variations associated with individual

traits such as user tenure at the platform

3.7 Results and Interpretation

In this section we present the empirical results and interpret the estimated effects of the
anonymity policy change on user engagement in terms of both quantity and quality. We first
evaluate the parallel trends assumption to ascertain that the treatment and control groups exhibited
similar outcome trajectories prior to the intervention, ensuring the validity of the DID design. Next,
we employ the DID approach to establish causal estimates of the intervention of anonymity’s
impact on the outcome of interest (quantity, specificity, and discrete emotion). Subsequently, we
explore potential moderators to assess whether the treatment effects vary across subgroups or
contextual factors. Finally, we conduct a series of robustness checks—including alternative model

specifications and matching methods—to confirm the stability and reliability of our findings.

3.7.1 Validating the Parallel Trends Assumption

According to Angrist and Pischke (2008), the parallel trends assumption, a fundamental
tenet of the DID model, asserts that the outcome variable for both the treatment and control groups
would have exhibited a comparable trend over time if the treatment—in this case, the switch from
identity disclosure to anonymity—had not occurred. We applied the relative time model to alleviate
the concern regarding the pretreatment trend and estimate the dynamics of the impact after the

name policy change in Quora. Following prior literature (Burtch et al., 2018; J. Chan & Ghose,
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2014; Greenwood & Agarwal, 2016; Greenwood & Wattal, 2017). Equation (2) shows our
econometric specification:
Log (Vi) = X2, Bt (Answer;, X PostAnonymity) + yX; + A; + &t (2)

Instead of using the name change dummy in the main analysis, we include a vector of relative
time dummies T (t € [—3, 2]), which indicates whether the current month is T month before (7 <
0) or after (r > 0) the name policy implemented. Additionally, we pool those time periods outside
of the range [—3, 2] into two relative dummies, that is, T._3 and Ts,. RelativeTime (0), that is,
the month when the name policy is implemented is omitted to serve as the reference. The remaining
part remained the same: we included the same set of control variables, user, and month fixed. From

Table 4 below, we observe that the parallel trend assumption is valid.
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Table 4

Relative Time Model Results

0y 2 (&)
Variable New Specificity  Discrete
Answer Emotion
(Anger)
1.3 * TreatGroup; 0.021 0.006 0.013
(0.015) (0.009) (0.014)
1. * TreatGroup; —0.005 0.003 —0.004
T.; * TreatGroup; (0.013) (0.009) (0.013)
0.009 0.006 —0.007
Ty * TreatGroup
T+ * TreatGroup, 0.216%**
0.026%** 0.135%**
(0.017) (0.010) (0.026)
1> * TreatGroup, 0.354%** 0.143#** 0.114%**
(0.016) (0.010) (0.018)
Constant 0.021 0.234%** 0.237%**
(0.031) (0.025) (0.054)
Observations 2703 2703 2703
Within R-squared 0.04 0.006 0.009
Month FE Yes Yes Yes
User FE Yes Yes Yes
*p < 0.1; **p < 0.05; ***p < 0.01

Note. Robust standard errors clustered at the individual user level
appear in parentheses.
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3.7.2 DID Results for H1: Quantity, Specificity, and Emotions

As Table 5 shows, we found empirical support for all three components of HI. First,
transition to anonymity increased (a) the quantity of users’ answer, (b) the specificity score, and
(c) anger score of users’ answer. After users switched to anonymous profiles, they posted more
answers per week on mental health questions than before (and more than matched users who did
not switch). Specifically, users contributed 10% (p < 0.01), more answers per week following the
adoption of anonymity, suggesting a significant increase in content quantity. Second, supporting
H1b, the specificity of users’ answers significantly increased by 30% (p < 0.01), indicating users
with anonymous names provided more targeted and specific responses related to mental health
symptoms. Third, in line with Hlc, emotional expression also rose, with a notable increase (18%)
in the anger emotion (p < 0.05).

Table S

Difference-in-Differences Results

Discrete
Quantity  Specificity = Emotion
(Anger)
Answer X 0.102%**  (0.302%**  (.176**
Post
Anonymity -0.016 -0.102 -0.072
User FE Yes Yes Yes
Week FE Yes yes Yes
#
Observations 2307 2307 2307
Adjusted R2 0.02 0.016 0.015

*p <0.1; *¥*p < 0.05; ***p <0.01
Note. Robust standard errors clustered at the individual user level
appear in parentheses.
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These findings collectively suggest that anonymity enhanced both the quantity and the
quality—measured in terms of specificity and emotionality—of user-generated content.
Specifically, the increase in anger may therefore signal a deeper and more emotional engagement
with mental health topics, revealing issues that users might not express under their real names.
This supports the idea that anonymity does not only increase expression generally—it also changes
what kinds of emotions users feel safe to express These findings suggest that the shift to
anonymous posting encouraged users to engage more actively and authentically in mental health
discussions. We now turn to H4, in which we explore how users’ credential disclosure moderates
these changes in user behavior.

3.7.3 Moderation Analyses

In this section, we investigate our second research question: how do the user’s credentials
moderate the impacts of transitioning from identity disclosure to anonymity on the quality and
quantity of user-generated content? To be more specific, we aim to understand how users’ sharing
of credentials moderates the real name policy’s impact on quantity and quality. Table 6 presents
the findings, on which we will elaborate in the subsequent paragraph.

Log(Y;;) = B Post; + [, Answer;, + f3(Answer;; X PostAnonymity) + yX;: + A; + €+ (3)

This suggests that users with high levels of self-identification may have felt less
incentivized or less compelled to engage even when their identity was no longer visible. In this
context, identity visibility likely served as a signaling mechanism, motivating content creation
among users seeking to build credibility or social capital.

In addition to this quantity effect, credential disclosure also significantly moderates
emotional expression. Following the policy change, users with more disclosed credentials

exhibited a greater decline (—45%) in anger-related word usage (p < 0.01). This pattern suggests
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that identity disclosure may have previously enabled high-credential users to express stronger

emotional tones—perhaps to assert authority or convey frustration more confidently. Once the

platform adopted anonymity, these users may have become cautious, neutral, or emotionally

restrained, possibly due to reduced reputational accountability or shifting audience expectations.
Table 6

Moderation Effects Results

Discrete

Quantity  Specificity Emotion

(Anger)

Answer x Post 0.132%* 0.302%* 0.124**
Anonymity (0.031) (0.102) (0.056)

A Post
nswer  os L0.506%% 0273 —0.445%%*

‘éf;r;ﬁ;yx 0.149)  (0.174)  (0.137)
User FE Yes Yes Yes
Week FE Yes yes Yes
# Observations 2307 2307 2307
Adjusted R2 0.03 0.018 0.017

*p <0.1; #*p < 0.05; ***p <0.01
Note. Robust standard errors clustered at the individual user level
appear in parentheses.

Interestingly, we find no significant moderating effect of credential disclosure on the
specificity of answers (f =-0.273, n.s.). That is, regardless of how many credentials users disclosed,
their level of detail or precision in addressing mental health symptoms remained statistically

unchanged. This finding implies that while identity cues may influence user participation and
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emotional tone, they do not necessarily impact the informational depth of responses. One possible
explanation is that topic seriousness and community norms drive specificity in mental health
discussions more than self-presentation motives do. These results suggest that credibility signaling
and content depth may operate independently in sensitive online discussions.
3.8 Robustness Tests
3.8.1 Placebo Test

We conducted a placebo test by assigning a fictitious policy change 5 weeks prior to the
actual policy implementation. Specifically, we defined a placebo treatment indicator that switches
to 1 at week —5, pretending the policy was enacted earlier. We re-estimated our DID model using
this placebo treatment (Log(Y;;) = B (PlaceboTreat;; ) + yXi: + A; + €;¢). The results show
that the placebo treatment effect is statistically insignificant (Figure 4), suggesting that there were
no preexisting differential trends between the treatment and control groups prior to the actual
policy change regarding the number of answers. We did the same test for the other two dependent
variables—specific score and discrete emotional score—and obtained similar results. This finding

strengthens the credibility of our main results by ruling out concerns related to spurious pre-trends.
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Figure 4

Placebo Test: No Significant Effect Before Actual Policy

/\//

A =&~ Control
: Treatment
5 5

Week (Relative to Actual Policy)

Log(Number of Answers)

3.8.2 Different Time Windows
We varied the pre- and post-policy observation window (2 months on each side instead of
3) and found consistent results, shown in Table 7.
Table 7

Difference-in-Differences Results

Discrete
Signaling Theory Quantity Specificity Emotion
(Anger)
A74%F% 0 (0.214%*F* (. 125%**
Answer x Post Anonymity 0.17 0 0.125
-0.016 -0.093 -0.064
User FE Yes Yes Yes
Week FE Yes yes Yes
# Observations 2307 2307 2307
Adjusted R2 0.1 0.023 0.017

*p <0.1; **p < 0.05; ***p < 0.01
Note. Robust standard errors clustered at the individual user level appear in parentheses.
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3.8.3 Different Matching Method and Specification Method

To ensure the robustness of our findings, we employed alternative matching methods and
model specifications. Specifically, we utilized CEM, which improves covariate balance between
treated and control groups by temporarily grouping variables into broader categories and then
matching units exactly within those categories. This method reduces model dependence and
potential bias in observational data analysis. In addition to matching approaches, we also adopted
an interrupted time-series (ITS) strategy as an alternative specification. This method allowed us to
evaluate the impact of an intervention by examining changes in outcome trends before and after a
specific policy or treatment implementation. By incorporating these different analytical strategies,
we aimed to test whether the estimated treatment effects remained consistent across
methodological approaches, thereby increasing the credibility and generalizability of our results.
Y, = By + B - Time ; + B, - Intervention ; + B3 - TimeAfter , + €,

In an ITS model, the outcome variable at each time point Y; is modeled as a function of
time and the intervention. The variable Time , represents the underlying time trend across the
entire study period, capturing any existing trajectory in the outcome before the intervention. The
binary variable Intervention , indicates whether the intervention has occurred, taking the value 0
before the intervention and 1 afterward; its coefficient estimates the immediate level change in the
outcome following the intervention. To capture changes in the slope or trajectory after the
intervention, the model includes TimeAfter ;, which counts the number of time units since the
intervention and takes the value 0 prior to it. This term allows the model to estimate whether the
rate of change in the outcome differs before and after the intervention. Together, these terms help
isolate both the immediate impact and the long-term trend change attributable to the intervention,

while €, represents the usual error term accounting for variation not explained by the model. Table
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8 below demonstrated that the intervention had a positive and significant effect on all three
outcomes (especially immediately after it was introduced).
Table 8

Interrupted Time Series Results

Variable Quantity Specificity Anger Notes
(Posts) (Details) (Emotion)
Intercept (Bo) 15.20 (1.05) 3.10 (0.22) *** | 1.25 (0.18) *** | Baseline level
skoskosk
Time (B1) 0.12 (0.04) ** 1 0.01 (0.01) 0.02 (0.01) * Pre-
intervention
trend
Intervention 2.35(0.88) ** | 0.45(0.18) ** | 0.31(0.14) * Immediate
(B2) level change
Time After (83) | 0.08 (0.03) ** | 0.02 (0.01) * —0.01 (0.01) Post-
intervention
trend change
R? 0.21 0.18 0.15 Model fit

*p <0.1; ¥*p < 0.05; ***p < 0.01

3.9 Implications

We have summarized our key findings in a structured table (Table 9) that outlines the main
results, theoretical contributions, practical implications, and directions for future research.
Drawing on this table, we dedicate each subsection to a major empirical result: (a) the impact of
anonymity on engagement and emotional expression, (b) the moderating effect of credential
disclosure on these changes, and (c) the lack of a moderation effect on content specificity. Each
subsection addresses the implications of the findings for theory, practice, and future research.
3.9.1 Anonymity Increases Quantity of User Engagement

Our analysis revealed that the introduction of anonymity significantly increased user
engagement within the online mental health community, as measured by the number of answers
contributed per user per week. The uptick in participation suggests that the removal of identity

disclosure requirements lowered barriers to entry and created a more comfortable environment for
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users to share and contribute (Chan et al., 2023; Huang et al., 2017; J. Pu et al., 2020). In particular,
the increase was pronounced among users who had not previously disclosed credentials, indicating
that anonymity may be especially empowering for users who are otherwise reluctant to participate
due to identity-related concerns.

These findings strongly support the ODE (Suler, 2004), which posits that identity masking
reduces social constraints, thereby encouraging freer participation in online environments. Our
study adds nuance to this theory by showing that anonymity significantly increases the volume of
user contributions in sensitive contexts such as mental health discussions. This suggests that
identity disclosure can create self-presentation pressures that inhibit engagement—particularly in
stigmatized domains—where individuals may fear judgment or reputational risk. Anonymity, in
contrast, lowers psychological barriers (Fredheim et al., 2015; Qian et al., 2024) and encourages
broader participation, especially from users who might otherwise remain silent.

Table 9

Summary of Main Findings and Implications

Key Findings

Theoretical Implications

Practical Implications

Future Research
Directions

Anonymity increases
quantity of answers
(Hla)

Supports Suler’s online
disinhibition effect,
specifically the reduction
of self-presentation
pressure and perceived
risk, which encourages
greater participation in
sensitive discussions

Anonymity policies may
help foster engagement in
support communities by
lowering barriers to
participation

Explore differential
effects across other
sensitive domains
(e.g., financial
advice, trauma
forums)

Anonymity improves
answer specificity and
emotional expression
(e.g., more anger
words) (H1b and
Hlc)

Reinforces Suler’s notion
of “toxic” and “benign”
disinhibition: anonymity
facilitates both
emotionally intense and
authentically detailed
disclosures, challenging
the idea that anonymity
lowers quality

Platforms can consider
anonymity as a design tool
to encourage more
expressive and symptom-
specific communication

Investigate long-term
effects of anonymity
on community trust,
and user activities
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Credential disclosure
reduces the positive
effects of anonymity
on both answer
volume and
emotional expression
(H2a and H2c)

Demonstrates that identity
signaling through
credentials can reintroduce
self-monitoring behaviors,
tempering disinhibition;
supports signaling theory
and complicates Suler’s
framework by showing
layered identity cues

Platforms should recognize
that users with higher
identity investment may
disengage under anonymity
and may need additional
motivation

Study how identity
cues interact with
other platform
features (e.g., profile
photos)

No significant
moderation effect of
credential disclosure
on content specificity
(H2b, not supported)

Suggests that
informational quality—
defined as detail and
precision—may be less
affected by identity cues,
challenging assumptions
that expertise must be
visible to enhance quality

Highlights that content
depth can be preserved
even in anonymous
environments with
credential disclosure

Examine how
community norms
shape informational
quality across varying
identity conditions

3.9.2 Anonymity Improves Quality of User Engagement (Specificity and Emotional

Expression)

In addition to increasing the quantity of user contributions, our analysis reveals that

anonymity improves the quality of user-generated content in two important dimensions: specificity
and emotional expression. Specifically, users’ answers became more detailed and symptom-
focused following the adoption of anonymity, as assessed by an LLM. Furthermore, there was a
notable increase in emotional expressiveness, especially in the use of anger-related words. These
changes suggest that anonymity not only encourages users to participate more frequently but also
enables them to communicate with greater emotional honesty, particularly in a negative one such
as anger.

These findings extend the ODE by showing that anonymity can enhance not only the
frequency but also the depth and intensity of user engagement. While ODE is often associated with
reduced inhibition, our results demonstrate that this disinhibition extends to increased specificity
in informational content, which prior literature has not emphasized. The findings also complicate

concerns from earlier research that anonymity may lead to lower-quality or shallow content.
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Instead, in high-empathy, topic-specific environments, anonymity appears to facilitate authenticity
and cognitive elaboration rather than degrade quality (Huang et al., 2017). Additionally, from the
perspective of social identity and self-presentation theories (Reicher et al., 1995), the ability to
post anonymously may allow users to shift away from managing their digital identity and instead
focus on delivering honest, emotionally resonant, and content-rich responses. This finding
suggests that emotional honesty and informational detail are not necessarily in tension, and that
anonymity can serve both ends in emotionally charged environments.

3.9.3 Credential Disclosure Moderates the Impact of Anonymity

Our moderation analysis revealed that users who disclosed more credentials—such as
professional background, education, or locations—showed a significantly smaller increase in new
answer contributions and a sharper decline in emotional language after the platform shifted to
anonymity, compared to users with fewer disclosed credentials.

This finding refines and extends identity signaling theory (Dennen & Arslan, 2022). It
suggests that users who previously invested in identity disclosure to build credibility or social
capital may experience a loss of incentive to participate once those identity signals become
invisible. Rather than simply adapting to anonymity, high-credential users appeared to withdraw
engagement and emotional expression, implying that for some users, visibility is a necessary
component of motivation and emotional authenticity. This highlights an important boundary
condition for the ODE: while anonymity encourages some users to express themselves more freely,
it discourages others who relied on identity signaling for status or credibility.

3.9.4 No Moderation Effect on Content Specificity
Our analysis revealed no statistically significant interaction between credential disclosure

and anonymity in predicting the specificity of user-generated content. In other words, regardless
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of whether users disclosed detailed credentials or remained relatively anonymous prior to the
policy shift, the level of specificity in their answers—measured by how precisely they addressed
mental health symptoms—remained unchanged after anonymity was adopted.

This finding introduces an important nuance to identity signaling theory. While prior
research suggests that identity cues can affect content quality by encouraging users to signal
expertise or credibility, our results indicate that in high-stakes, sensitive contexts such as mental
health, topic seriousness and community norms may override self-presentation motives. The
absence of a moderation effect suggests that intrinsic norms of care and informational depth rather
than strategic identity may govern management content specificity. This challenges the assumption
that higher identity disclosure always correlates with higher informational quality and points to a
potential decoupling of credibility signaling from content richness in emotionally sensitive online
communities.

3.9.5 Practical Implications
For Platform Designers and Online Community Managers

These findings demonstrate that anonymous posting represents a powerful strategic tool
for increasing user engagement without compromising content quality. By lowering participation
barriers, anonymity creates pathways for more inclusive and active digital support communities.
Platforms should prioritize integrating anonymous participation features, particularly in sensitive
topic areas such as mental health, addiction recovery, or stigmatized conditions. However,
successful implementation requires robust moderation systems and community guidelines that
maintain healthy dialogue while preserving the benefits of anonymous expression. The evidence
that anonymity enhances rather than diminishes content quality challenges common assumptions

about identity disclosure (B. Qian et al., 2024). Platforms can confidently implement anonymous-
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by-default posting in high-sensitivity contexts, knowing that users will likely contribute more
authentic, emotionally rich, and symptom-specific content. Online community managers should
anticipate and prepare for increased emotional intensity in anonymous posts, including expressions
of anger and frustration that users may suppress in identified contexts. This requires developing
sophisticated response protocols, including automated support prompts, crisis intervention
pathways, and specialized training for moderators handling emotionally charged anonymous
content.
Balancing Anonymity with Expertise

The challenge of maintaining credibility in anonymous environments requires innovative
solutions. Platforms serving expert-driven communities can implement verified anonymous
credentials systems—allowing professionals to demonstrate qualifications without identity
disclosure. “Verified anonymous expert” badges or similar mechanisms can preserve both privacy
and professional accountability.
3.9.6 Future Research Implications

Future researchers should investigate whether the observed increases in specificity and
emotional expression represent sustained behavioral changes or temporary responses to anonymity
adoption. Longitudinal studies tracking user behavior over months or years could reveal whether
users maintain heightened authenticity as they acclimate to anonymous environments, or whether
initial effects diminish as anonymity becomes normalized.

Researchers should examine adaptation patterns across different user types, particularly
investigating whether high-credential contributors gradually rebuild social capital within

anonymous systems or experience permanent disengagement. Understanding these trajectories
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will inform platform design decisions about balancing anonymity with long-term community
sustainability.

The relationship between anonymity and expression likely varies significantly across
cultural contexts and community norms. Future researchers should explore how different cultural
backgrounds shape what types of emotional expression and specificity are considered acceptable
or desirable in anonymous versus identified contexts. Cross-cultural studies could reveal whether
anonymity’s effects on authenticity are universal or culturally mediated. Additionally, researchers
should investigate how community-specific norms influence anonymous behavior. Different
support communities (mental health, chronic illness, addiction recovery) may have distinct
expectations for appropriate emotional expression and information sharing that moderate
anonymity’s effects.

3.10 Conclusion

This study contributes to our understanding of how identity design—specifically,
anonymity and credential disclosures—shapes user engagement, emotional expression, and
informational specificity in online mental health communities. Our findings reveal that anonymity
not only increases the quantity of user contributions but also enhances the quality of content, as
reflected in greater specificity and emotional expression. This challenges the traditional view of a
trade-off between anonymity and content quality and instead suggests that, under the right
conditions, anonymity can foster deeper, more meaningful engagement.

These results highlight the need for nuanced approaches to platform governance, where
identity policies are not one-size-fits-all but are instead tailored to community goals and content
types. As online support spaces continue to grow in scale and influence, understanding how design

choices impact behavior is more important than ever. Our study offers a foundation for future
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research and practice at the intersection of digital identity, mental health, and online community
design.

Theoretically, our work deepens the understanding of how identity signals influence user
behavior, extending social identity and signaling theories into the digital health context. Practically,
the findings inform platform designers and moderators on how anonymity can promote richer
engagement and emotional openness, particularly in sensitive domains such as mental health.
Methodologically, we employ a rigorous DID framework and leverage language-based LLM
metrics to capture subtle behavioral changes, offering a model for evaluating platform-level
interventions using computational methods.

Taken together, these contributions advance our knowledge of online behavior and platform design,
particularly in contexts where user vulnerability, authenticity, and emotional support are central.
As digital platforms increasingly shape the way individuals seek help and connect with others,
understanding the role of identity design becomes essential for building healthier, more inclusive

online communities.
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Chapter 4: Conclusion

This dissertation advances our understanding of how digital technologies—specifically
telehealth and online platform design—reshape the mental health landscape at both community
and individual levels. Through two complementary essays, it offers a nuanced, multilevel
perspective on how digital interventions operate within broader social, economic, and
infrastructural contexts to influence mental health outcomes.

The first essay contributes to the literature by conceptualizing telehealth as a form of digital
capital and examining its role in enhancing community mental health outcomes. Using a quasi-
experimental design and causal forest modeling on a panel dataset of over 2,800 U.S. counties,
this essay reveals that telehealth adoption improves mental health at the county level, but that these
effects are highly heterogeneous. Specifically, the most pronounced benefits emerge in under-
resourced communities—particularly those with low broadband access but high economic or
cultural capital. This finding challenges the assumption that infrastructure alone is sufficient and
underscores the need for context-aware telehealth strategies that align with existing forms of
capital. The methodological contribution lies in applying causal machine learning to uncover
treatment effect heterogeneity in health IT interventions—offering both precision and policy-
relevance.

The second essay shifts focus to the individual level and explores how anonymity affects
user engagement and content quality in online mental health discussions. Leveraging a natural
policy change on Quora and employing a matched difference-in-differences approach combined
with LLM-based text analysis, this study finds that transitioning from real-name to anonymous
posting significantly increases participation, content specificity, and emotional expression,

particularly among users with low credential disclosure. These results provide novel insights into
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how platform identity policies shape engagement in sensitive health contexts and extend signaling
theory to digital mental health communities. Theoretically, the work contributes to literature on
online disinhibition, identity management, and user vulnerability, and highlights the empowering
role of anonymity for marginalized voices.

Collectively, this dissertation contributes to both theory and practice in several important
ways. Conceptually, it expands the application of social capital theory and signaling theory to
digital health contexts, demonstrating how digital interventions—such as telehealth and platform
design—interact with structural and psychological factors to shape mental health outcomes.
Methodologically, it introduces innovative analytical approaches to the digital health literature by
combining causal forest modeling, policy tree visualizations, and LLM-based content analysis.
These tools enable a more granular and flexible understanding of treatment heterogeneity and user
behavior in both structured and unstructured data. Empirically, the dissertation offers robust, large-
scale evidence that telehealth adoption improves mental health outcomes most in structurally
disadvantaged communities, and that anonymity empowers vulnerable users to engage more
actively and authentically in online mental health discussions. In terms of policy relevance, the
findings provide actionable insights for both health care policymakers and digital platform
designers. For policymakers, the results highlight the importance of tailoring telehealth expansion
strategies to local resource constraints and social capital configurations. For platform designers,
the research underscores the value of anonymity features in fostering inclusive, supportive digital
environments for stigmatized health topics. Together, these contributions help reframe digital
health not merely as a technological solution, but as a contextually embedded, socially responsive

tool for improving mental health at both community and individual levels.
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As digital technologies continue to permeate health care delivery and support systems, this
dissertation underscores the importance of designing equitable, context-sensitive interventions. It
challenges one-size-fits-all assumptions and highlights the need to tailor digital mental health
strategies to community conditions and user characteristics. Ultimately, this research contributes
to a more inclusive vision of digital health—one that not only expands access but also empowers

users to engage meaningfully in their mental health journey.
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