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ABSTRACT

Communicating within digital health interventions involves a range of behaviors that may contribute to
the management of chronic illnesses in different ways. This study examines whether communication
within a smartphone-based application for addiction recovery produces distinct effects depending on 1)
the “level” of communication, defined as intraindividual communication (e.g., journal entries to oneself);
dyadic communication (e.g., private messaging to other individuals); or network communication (e.g.,
discussion forum posts to all group members), and 2) whether individuals produce or are exposed to
messages. We operationalize these communication levels and behaviors based on system use logs as the
number of clicks dedicated to each activity and assess how each category of system use relates to changes
in group bonding and substance use after 6 months with the mobile intervention. Our findings show that
(1) intraindividual exposure to one’s own past posts marginally predicts decreased drug use; (2) dyadic
production predicts greater perceived bonding; while dyadic exposure marginally predicts reduced drug
use; (3) network production predicts decreased risky drinking. Implications for digital health interventions
are discussed.

Researchers find that participants benefit from using digital
health interventions, but often struggle to identify the particu
lar, centrally beneficial uses of these interventions. This issue
extends to interventions that facilitate digital communication
within a support network of peers. While such interventions
are often broadly conceived as allowing for ongoing access to
social support, communicating with a peer support network
involves a range of distinguishable behaviors. For some indivi
duals, communication may primarily involve consuming con
tent generated by peers, whereas others engage heavily in
producing content themselves. While often intertwined, these
activities may influence health behavior in distinct ways (Han
et al., 2019). In addition, digital health interventions may
involve distinct venues, or “levels,” of communication, such
as private or semi-private journals, one-to-one messages, and
public discussion forums (Chuang & Yang, 2014). As these
levels involve distinct audiences and patterns of interaction,
they may contribute differently toward health.
Improving the design of digital health interventions
requires a better understanding of how these interventions
achieve their beneficial effects, particularly when peer-topeer communication is involved. This understanding would
allow for optimizing the communication formats offered
within digital health interventions and directing partici
pants toward the uses of an intervention most likely to
help them attain their goals. To this end, recent work has
emphasized the need to disentangle different communica
tive practices (Pingree, 2007; Walther & Valkenburg, 2017).
Some studies focus on distinguishing between sending
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versus receiving messages in digital health interventions
(Han et al., 2019; Namkoong, Shah, McLaughlin et al.,
2017). Other studies attempt to understand the differences
in communicating at various levels of publicness, such as
contributing to a public discussion versus sending a private
message on a social networking site (Bazarova, 2012; Burke
& Kraut, 2014). Approaches have also compared the con
tent of messages sent at these levels (Bazarova et al., 2013)
and examined how communicating at each level predicts
health outcomes (Chuang & Yang, 2014). However, prior
work has rarely considered how the production of and
exposure to messages might work differently at each com
munication level.
Improving the measurement of message production and
exposure across different communication levels is a critical
first step to understanding the distinct effects of these com
munication behaviors. System use logs, and the digital trace
data they provide, offer an important potential source of
insight into digital health interventions and their implications
for psychosocial and health outcomes. These logs capture not
only explicit production of content but also more subtle
behaviors associated with exposure to existing content.
Here, we examine click counts, a metric that provides insight
into the intensity of activity during both production of and
exposure to messages. We distinguish between production
and exposure at three different communication levels within
a mobile application (or “app”) for those in recovery for
substance use disorders (SUDs): 1) intraindividual commu
nication (i.e., a private “my motivations” journal), 2) dyadic
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communication (i.e., one-to-one messages), and 3) network
communication (i.e., a group discussion board).
We examine these issues in the context of a mobile inter
vention provided to patients in recovery for SUDs (Ashford
et al., 2020). SUDs are among the most common mental health
concerns in the US and around the world and lead to negative
effects for relationships, quality of life, and health (Substance
Abuse and Mental Health Services Administration [SAMHSA],
2019). Evidence has begun to accumulate on the benefits of
technologies for those in treatment for SUDs, including to
provide ongoing access to therapeutic content and reminder
systems as well as to connect individuals to supportive others
(Nesvåg & McKay, 2018).
Literature review
Health interventions increasingly rely on digital technology to
facilitate behavior change, often via smartphone apps (West &
Michie, 2016). Many apps and digital health interventions also
offer opportunities for peer-to-peer communication (Kornfield
et al., 2018; Savic et al., 2013). Given online peers’ shared
experiences, lack of preexisting relationships, and possibilities
for anonymity, the disclosure of personal experiences on digital
health platforms presents a relatively low risk to participants.
These factors allow individuals to seek support around stigma
tized health issues (DeAndrea, 2015). Rather than relying on
overburdened health services, peers may now interact directly
through ubiquitous personal technologies like smartphones to
exchange support and information that can be crucial for
health and wellbeing (Malloch & Taylor, 2019; Zhang et al.,
2017).
Mobile-based peer-to-peer support has also been applied to
help those who are in recovery for SUDs involving alcohol and
other drugs (Nuamah et al., 2020; Quanbeck et al., 2018). Given
that patients with SUDs already have a high ownership rate of
a mobile phone (Ashford et al., 2018) and perceive mobile
technology as favorable for the delivery of intervention and
treatment (Carreiro et al., 2020), the application of m-Health
solutions provides a promising direction for recovery interven
tions. One randomized trial of patients discharged from resi
dential addiction treatment facilities found that accessing
a mobile app – A-CHESS – which provided information,
communication, and decision-support features, reduced risky
drinking days by 57% at follow-up compared to a control
group who did not receive the app (Gustafson et al., 2014).
Communication features are often bundled together in such
digital interventions. These may include opportunities to com
pose journal entries for oneself, message privately within
a dyad, or communicate with a group of peers on
a discussion board. Communication is also often paired with
psychoeducation or other services. Despite designers’ and
researchers’ interest in identifying the mechanisms of action
behind digital health interventions (Han et al., 2011; Lawlor &
Kirakowski, 2014), such bundled designs introduce challenges
in attributing intervention effects to any particular type of
system use (Eysenbach et al., 2004). In this context, overall
effects of system use may disguise the nuanced effects of spe
cific communication behaviors. As with earlier research on
television viewing (e.g., Salomon & Cohen, 1978), media

scholars continue to wrestle with multiple conceptions of
media use in the digital era (Burke et al., 2011).
Researchers of digital health intervention have faced two
challenges: 1) the complexity of measuring system use and 2)
attributing health outcomes to these well-defined types of use.
As with media use in general, retrospective self-reports based
on questionnaires represent a flawed solution due to recall bias
and reliance on individuals’ attentiveness during media use.
Digital trace data offer a potential solution to these problems,
translating communication processes into discrete activities
captured by system use logs. These activities may include the
number of logins, time spent using an intervention, the
amount of content accessed, and the type of said content
(Perski et al., 2017). Digital records allow for standard, scalable
measurement. However, while trace data are not subject to the
recall bias of subjective measures, they introduce new chal
lenges in data management and interpretation. In the next
sections, we describe how prior work has conceptualized com
munication uses of digital health interventions, not only differ
entiating message production from message exposure but also
differentiating communication across different social levels.
Reception and expression
Via the emergence and growth of digital communication and
social media, individuals now routinely have the opportunity
to act as content creators, and not just consumers of media. As
such, individuals may inhabit new social roles in digital plat
forms that range from passive to active. The emergence of new
digital communication ecosystems has therefore required
researchers to extend their focus beyond the effects of receiving
messages to account for the phenomenon of “expression
effects,” “sender effects,” or “self-effects,” referring to the effects
that producing content has on the content creator (Namkoong
et al., 2013; Pingree, 2007; Valkenburg, 2017). Some have even
suggested that these expression effects may sometimes surpass
those of message exposure (Han et al., 2011; Kellogg, 1999), as
composing messages requires translating one’s thoughts into
language, as well as packaging an argument or narrative for an
audience to make sense of, which may require deeper proces
sing of information and greater consideration of selfpresentation. Therefore, one promising way to conceptualize
system use is to differentiate exposure to message content (i.e.,
viewing existing content) and production of one’s own content
(i.e., expressing one’s own thoughts and feelings).
A range of empirical studies show distinct antecedents and
consequences of message exposure and message production. In
the context of social media, studies suggest that when audi
ences have opportunities to respond to content through post
ing responses, they may have better recall, be more persuaded,
or more cognitively engaged (Gil de Zuniga et al., 2013;
Nekmat, 2012). Moreover, in the context of digital support
platforms, a number of studies suggest benefits that come
from actively producing content. Han et al. (2012) categorized
participants as posters (i.e., those actively generating content),
lurkers (i.e., those who read others’ content but did not post),
and non-users. They found these roles associated with different
demographic, disease-related, and psychological factors.
Another study among cancer patients showed that those who
posted on a support forum reported obtaining more benefits
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than those who lurked (Setoyama et al., 2011). Compared to
lurkers, active posters in breast cancer, fibromyalgia, and
arthritis groups reported improvement in their social wellbeing
(Van Uden-kraan et al., 2008). In other studies, active posters
experienced greater self-acceptance (McKenna & Bargh, 1998),
stigma recovery (Lawlor & Kirakowski, 2014), and improved
wellbeing among caregivers (Tanis et al., 2011). These findings
highlight potential benefits of message production, supporting
the value of distinguishing production from exposure in digital
health interventions.
Levels of communication
Distinguishing levels of communication offers another way to
investigate the effects of communicating within digital health
interventions. Chaffee and Berger (1987) proposed four levels
of communication study: intraindividual, interpersonal, net
work, and societal. Intraindividual communication refers to
the internal processes that occur within an individual as
a result of communication activities. Interpersonal communi
cation is built upon the relationship of a dyad or a very small
group of participants. The network or organizational level
includes communication between larger sets of persons with
ongoing relationships, a one-to-many dynamic. When the
analysis is expanded to a societal level, communication spans
a larger social or cultural system within which individuals are
embedded.
Given that digital health interventions primarily promote
change in individuals’ health and behavior, the first three levels
of communication, rather than the societal level, are the focus
of this study. Intraindividual, interpersonal, and network levels
of communication are often embedded into the design and
affordances of many digital health interventions and, therefore,
researchers have recently begun to take these different levels
into consideration when analyzing communication data
(Namkoong, Shah, Gustafson et al., 2017). For instance, indi
viduals may have opportunities to address themselves through
journal writing or note-taking venues (Ayobi et al., 2018;
Gustafson et al., 2011). In addition, messages may also be
exchanged within a dyad, with only one recipient targeted at
a time, or exchanged at the network level for all group mem
bers to read. The literature on computer-mediated communi
cation increasingly implicates the online audience as a key
factor in how individuals think about and disclose their pro
blems online (Bazarova & Choi, 2014; Kornfield & Toma,
2020), as well as determining the quality of help and support
they receive (Chung, 2014). For instance, private messaging has
been associated with “deeper” disclosure on social media plat
forms (Bazarova & Choi, 2014), and uses of social media for
dyadic communication have been associated with greater per
ceived bonding (Burke et al., 2010). In contrast, participating
within group forums may support access to more diverse
perspectives, allowing for meeting participants’ informational
needs (Chuang & Yang, 2012), or may allow for developing and
expressing social identities (Papacharissi, 2012). Examining
message production and exposure at these different commu
nication levels, rather than coarsely considering communica
tion as a whole, may therefore better reflect the complex
interactions afforded by the design of digital health
interventions.

3

Operationalizing system use
While prior research offers insight into the distinct effects of
message exposure and production, and communication at dif
ferent levels, past studies are generally limited by operationa
lizing communication activities as counts of messages
individuals send or receive. Such a strategy provides
a relatively “brute force” translation of complex communica
tion behaviors. For instance, in the case of a peer-to-peer
discussion board within a health app, an individual may first
navigate to the discussion group after opening the app. She
may start reading new posts, as well as scrolling to view com
ments on said posts. Perhaps inspired, she may create her own
message, typing and reviewing before hitting “submit.” She
may then re-read her post, now visible to the board, imagining
how others will respond, before going back and editing the
message to add an idea or fix a typo. Later on, after opening
another part of the app, she may return to her post when
notified of a response from another member of her network.
In the above example, while a count of messages would
register several messages read and one posted, such
a measure would not capture the extent of involvement in
these activities. In this study, we examined click count as
a measure that captures important variation in participants’
communicative behaviors. Clicks capture the frequency with
which a function is used or the depth of use within each
function (i.e., navigation of sub-functions). Although clicks
cannot precisely measure how long each action lasts, we
found that idle time (i.e., time that a page remained open
after active engagement) represented a substantial obstacle in
our data set, with extremely skewed distributions being evident
for each “time spent” variable. Therefore, this paper assessed
clicks at each level, categorizing uses supporting exposure
versus production, as our operationalization of system use.
Exposure and production at each communication level
We propose that it is not only theoretically rigorous but also
practically important for researchers to attend to distinctions
between message exposure and message production, as well as
differentiating communication levels. Not only do exposure
and production likely function differently in the process of
health behavior change, but they likely trigger specific rela
tional and psychological processes that occur when commu
nicating with oneself, specific others, or a group. This study
aims to examine whether message exposure and message pro
duction across communication levels will relate differently to
perceived bonding and change in risky drinking and drug use
among system users. These two modes of communication are
deeply entwined, with exposure typically preceding produc
tion, but production necessary for exposure. Below, we review
literature related to the process of production and then expo
sure at each level, followed by specific predictions in relation to
the outcomes of our interest.
Intraindividual: Reading and writing one’s own journals. At
the intraindividual level, production occurs whenever people
actively generate new, purely personal content (e.g., creating
a journal entry). To understand the potential benefits of
intraindividual production, we draw a connection to
Pennebaker’s work on “expressive writing” (Pennebaker,
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1997). Hundreds of experimental studies have followed this
paradigm, with the most common iteration asking participants
to write about a challenging or traumatic event or experience
for 15 minutes per day, over several days (Smyth &
Pennebaker, 2008). Results reveal that private writing can
provide a range of health benefits at follow-up, as has been
explained through a “releasing effect” that writers achieve by
expressing their inhibited feelings and thoughts, as well as by
the cognitive processing during which writers discover new
connections between ideas (Baikie & Wilhelm, 2005;
Greenberg & Lepore, 2004). Thus, many accounts of the ben
efits of private writing focus on the act of expression itself.
However, alternative accounts suggest that exposure to selfgenerated content (e.g., reading and reflecting on one’s pre
vious journal) may also bestow benefits. The potential effect of
re-reading private writing can be explained through selfregulation and self-perception accounts. In reference to selfregulation, Lepore et al. (2002) posited that expressive writing
may represent a mastery experience that allows individuals to
observe their expressions, monitor their thoughts, and better
regulate their emotions. Similarly, King (2001) suggested that
expressive writing provides benefits by prompting the clarifica
tion of personal goals and activating a writers’ feedback system
such that they compare future behaviors to their previously
expressed goals, allowing possible adjustment to avoid “going
astray.” This is also consistent with Bem’s (1972) selfperception theory, which posits people infer their own atti
tudes by observing their own behaviors. Re-reading one’s own
journal may facilitate such observations, revealing personal
growth and circumstances that lead to positive changes. By
following one’s own progress over time, as occurs through
reviewing prior writing, individuals may evaluate gaps between
self-perception and reality, gaining new insights and motivat
ing changes.
Some experimental studies provide evidence for the benefits
of engaging with one’s writing after its composition. In one
early study of personal narratives, students wrote about their
difficulties in adjusting to the college experience, and a subset
of those students was later invited to re-read and edit their
writing. This subset showed improved academic outcomes
relative to those who did not re-read and edit (Wilson &
Linville, 1982). Researchers also found that a majority of
respondents in expressive writing studies indicated that rather
than achieving insight at the point of composition, they
obtained benefits as they reflected on their experience after
writing, which allowed cognitive processing and the integra
tion of the experiences into their self-concept (Pennebaker
et al., 1990). Thus, prior research suggests both that writing
privately and reflecting on writing could encourage reevalua
tion of one’s behavior, supporting behavior change. Below, we
present a hypothesis connecting intraindividual communica
tion and behavioral outcomes.
H1: Intraindividual communication, both (a) producing private
journal entries and (b) exposure to one’s past entries, will be
related to a reduction in risky drinking and drug use.
Dyadic: Reading and writing one-to-one messages. Despite
the therapeutic benefits that writers might gain from private

writing and reviewing one’s own writing, we regularly seek to
disclose our experiences to others. Although many digital plat
forms afford both group-based and one-to-one messaging, not
all users are equally social (Burke et al., 2010). Some prefer to
communicate one-to-one, while others opt to interact with
a larger number of peers.
Most interpersonal communication takes a dyadic from
(Panko & Kinney, 1992). In the context of dyadic communica
tion, production refers to composing a message to send to
a specific, individual recipient. According to the classic social
penetration theory, self-disclosure is the main driver for build
ing and maintaining intimate relationships (Altman & Taylor,
1973). The level of self-disclosure that signals intimacy and
relational bonds is highest in a dyad and decreases as group
size increases, a trend found in both face-to-face interaction
(Solano & Dunnam, 1985) and online settings (Bazarova &
Choi, 2014). Even though researchers do not often disentangle
production from exposure at the dyadic level (Burke et al., 2010;
Namkoong, Shah, Gustafson et al., 2017), a meta-analysis found
that people like their partner more after having disclosed per
sonal information to them (Collins & Miller, 1994). One-on-one
self-disclosure may also facilitate working through one’s perso
nal problems and is encouraged in mutual help recovery pro
grams (Alcoholics Anonymous, 2019). Seeking help through an
ongoing dyadic relationship has been associated with reduced
relapse risk (Tonigan & Rice, 2010).
In contrast, exposure at the dyadic level refers to receiving
messages from other individuals. The potential benefits of
dyadic exposure are suggested by optimal matching theory,
which argues that individuals are likely to experience benefits
from receiving social support when it is responsive to their
particular needs (Cutrona & Russell, 1990). In dyadic commu
nication, with its high level of self-disclosure and individua
lized responses, there is likely to be consistency between the
help solicited and the help received, allowing for support
recipients to obtain benefits. Indeed, the social support found
in one-to-one messages, as people work to develop and main
tain relationships, plays a role in individuals’ health and wellbeing (Valkenburg & Peter, 2011). Numerous studies have
emphasized that strong ties, or close relationships, are
a critical source of online social support as compared to weak
ties. The perceived support derived from the dyadic exchange
has been found to promote well-being (Burke & Kraut, 2013;
Valkenburg & Peter, 2007), and build self-worth in recipients
(Thoits, 2011). Given the evidence of benefits from both writ
ing and reading private messages, we hypothesize that both
dyadic production and exposure are catalysts for perceived
bonding and reductions in risky drinking and drug use.
Accordingly, we offer the following hypotheses concerning
production and exposure at the dyadic level.
H2: Dyadic communication, both (a) producing one-to-one
messages and (b) exposure to one-to-one messages, will be
related to perceived bonding with others in the online support
system.
H3: Dyadic communication, both (a) producing one-to-one
messages and (b) exposure to one-to-one messages, will be
related with a reduction in risky drinking and drug use.
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Network: Reading and writing one-to-many posts. Audience
size is not restricted to one. Often times, a larger number of
peers are involved in a digital health intervention (Ancker
et al., 2009). At the network level, production means construct
ing a message that can potentially be seen by the entire social
network (i.e., those using the intervention), implicating many
potential readers rather than one individual. As compared to
dyadic private messaging, people are less likely to broadcast
intimate information to a larger number of ill-defined audi
ences, which makes the online public space a less ideal venue to
build close relationships (Bazarova & Choi, 2014).
Yet, there may nonetheless be important benefits to produ
cing messages for larger audiences. Recent studies show that
expressing oneself to a group may even outperform private
disclosure in reducing both physical and psychological symp
toms (MacReady et al., 2011). Public commitment is one
account that connects public expression to such benefits
(Nyer & Dellande, 2010). Studies on public commitment
show that individuals are more likely to stick to an action
plan once announcing it publicly as they feel pressure to
maintain their reputations (Newman et al., 2011; Schienker
et al., 1994). Moreover, individuals engaging in network com
munication may be influenced by group norms, adjusting their
self-presentation and behavior accordingly, which might
further reinforce positive changes.
Exposure at the network level involves viewing content
available within a public forum. Research shows that partici
pants in digital health interventions are likely to experience
a sense of normalization regarding their condition and gain
insights into the management of their own concerns through
exposure to the shared experiences of others (Radin, 2006;
Wright & Bell, 2003). Exposure to one’s own posts is also
very common within digital health interventions. Toma and
Hancock (2013) found that asking Facebook users to view their
personal profiles was associated with boosts in self-esteem,
suggesting increases in well-being consistent with viewing pre
viously posted public content and the responses generated.
Thus, the potential benefits of network communication might
stem from both production and exposure, connecting the indi
vidual to the support community and promoting health beha
vior change. Accordingly, we present our final set of
hypotheses related to production and exposure at the network
level:
H4: Network communication, both (a) producing discussion
posts and (b) exposure to discussion posts, will be related to
perceived bonding with others in the online support system.
H5: Network communication, including both (a) producing dis
cussion posts and (b) exposure to discussion posts, will be related
with a reduction in risky drinking and drug use.

Methods
Platform
The data analyzed in this study were collected from a mobile
health app called Seva – the Sanskrit word for “selfless caring” –
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disseminated to primary care patients with SUDs as part of an
implementation trial from 2014 to 2017 (Quanbeck et al.,
2014). The study was approved by the Medical Sciences
Institutional Review Board at the University of Wisconsin–
Madison and was pre-registered at ClinicalTrials.gov
(NCT01963234). Smartphones were paid for during the study
period by the research team and came with the app installed.
The app provided addiction treatment and recovery support
services. The treatment component involved an interactive
online curriculum called Therapeutic Education System
which has proved efficacious for SUDs in a randomized trial
(Bickel et al., 2008). The recovery support services provided
resources to help individuals cope with emotional challenges,
manage their treatment regimens, track their progress, and
communicate with other study participants.
This research focuses on the communication services
embedded in the recovery support component. All participants
had access to communication at three levels: journal writing
(i.e., the intraindividual communication level), one-to-one
messaging (i.e., the dyadic level), and group discussion forums
(i.e., the network level). The discussion forum participants
were 97% patients with SUDs, 2% clinicians, and 1% research
staff.
Participants
Participants were recruited from three Federally Qualified
Healthcare Centers (FQHCs) in the United States, with the
research team coordinating with clinicians at said FQHCs to
identify, consent, and enroll patient participants. Participants
received training on how to use the application, and all usage of
the app was automatically recorded in a server log over 6
months for data analysis. Each entry included the participant’s
study ID, the name of the page viewed, and the date and time of
each activity. Demographic characteristics and study outcomes
came from two waves of survey data, collected, respectively, at
baseline (in-person) and after 6 months of access to the appli
cation (by telephone).
Among 268 participants who completed the baseline survey
and system use training, 147 (47%) were female. The average
age was 42.33 (SD = 10.77), with the youngest being 21 and the
eldest being 66 years old. These participants had completed an
average of 12.65 years of education (SD = 2.24). Thirty-nine
patients (15%) were of Hispanic or Latino origin. The majority
indicated that they were White, N = 177 (66%), followed by
African American, N = 64 (24%), Other, N = 16 (6%), and
American Indian or Alaskan Native, N = 13 (5%). One
reported being Asian. Of the 268 participants, 209 (78%) com
pleted the six-month follow-up survey.
Measures
System use
Actions related to in-system communication were categorized to
reflect intraindividual, dyadic, or network communication, as
Table 1 shows. Each communication level included activities on
several pages of the intervention, representing distinct functions.
For example, intraindividual communication involved viewing
a summary page of journal entries, or details of a specific journal
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Table 1. Categorization of system uses by communication level and exposure vs. production.
Communication
Level

Browse past motivation journal entries
Browse previously uploaded motivational photos
Read the full content of a motivation journal
Compose or edit a motivation journal

Intraindividual
Intraindividual
Intraindividual
Intraindividual

Exposure
Exposure
Exposure
Production

Private messages
Inbox
Archive
Compose or Edit Message

Browse a preview page showing a list of messages sent from the other user
Browse a preview page showing a list of messages the user archived
Compose or edit a message

Dyadic
Dyadic
Dyadic

Exposure
Exposure
Production

Browse an index page showing a list of discussion groups
Browse an entry page to a specific discussion group
Browse a preview page showing all discussion posts, sorted from most recent to
least
Read the full content of a post
Browse a preview page showing a list of past posts generated by the user
Compose or edit a post

Network
Network
Network

Exposure
Exposure
Exposure

Network
Network
Network

Exposure
Exposure
Production

Public Discussion
Groups
Discussion Group
Recent
Discussion Post
My Posts
Compose or Edit Discussion
Post

Description

Exposure or
Production

Page Name
Recovery Motivation
Recovery Motivation Journal
Recovery Motivation Photos
Recovery Motivation Detail
Compose or Edit Motivation

entry, as well as activities related to adding or editing entries.
Pages were also categorized according to whether they repre
sented message consumption (content exposure) or message
composition or editing (content production). Measures of sys
tem used at each level reflected the participant’s total number of
interactions (or “clicks”) that advanced exposure or production.
These clicks were aggregated across each participant’s first 6
months of access to the intervention. To compare the effects of
differentiated communication behaviors to an overall measure of
communication, we also created an additional variable summing
click devoted to all our individual communication use measures
(i.e., overall communication).
Perceived bonding
The extent to which participants felt they had bonded with
others in the digital health intervention was measured using
a five-item scale designed for those in SUDs recovery
(Namkoong et al., 2013). Participants indicated how often they
experienced positive social contact with others on a scale from 1
(Never) to 5 (Nearly Always) (e.g., “I feel stronger knowing that
there are others in my situation,” “I’ve been getting emotional
support from others dealing with substance abuse,” “I am build
ing a bond with others dealing with substance abuse”). Scores
were averaged from the individual items, with higher scores
indicating higher perceived bonding. This measure was collected
at baseline (α = .87) and at the end of 6 months (α = .87).
Risky drinking
Participants reported the number of days in the past 30-day
period that they reached or exceeded the threshold for binge
drinking, defined as four standard drinks in a 2-hour period for
men or three standard drinks in a 2-hour period for women
and the elderly (Center for Behavioral Health Statistics and
Quality, 2018). This measure was collected at baseline and
repeated at the end of 6 months.
Drug use
Participants reported the number of days in the past 30-day
period that they used any illegal drugs or abused any

prescription medications. This measure was collected at base
line and repeated at the end of 6 months.
Control variables
Age, gender, education, ethnic group, race, and depression
were collected at baseline.1 The extent to which participants
experienced depressive symptoms was also measured at base
line using the Patient Health Questionnaire (PHQ-8, Kroenke
et al., 2009). Participants indicated how often during the past 2
weeks they were bothered by symptoms of depression on
a scale from 0 (Not at all) to 3 (Nearly Every day). Scores
were totaled from the sum of eight items, with higher scores
indicating greater depression (α = .84).
Analytic approach
We conducted simple linear regression analyses predicting the
effects of system usage on our outcomes of interest: perceived
bonding, risky drinking, and drug use. For each outcome, since
we were interested in change over time, we computed change
from the start of the study by subtracting the baseline score
from the six-month score (Allison, 1990). We controlled for
demographic variables, followed by baseline depression score
and number of active login days to account for general mental
health and overall system use, respectively. We then regressed
message exposure and production across communication
levels on change in the dependent variables to test our hypoth
eses. The predictor variables were entered simultaneously.
Descriptive statistics including the means, standard deviations,
and correlation matrix for these predictors2 are provided in
Table 2. Analysis was conducted based on a complete case
analysis for each outcome.
In a separate model, we also considered that overall com
munication (regardless of level or production versus exposure)
might predict the outcomes of interest. Testing this additional
model allows us to understand whether differentiating message
production and exposure across different levels allows us to
identify new relationships to our outcomes, as compared to
communication as a whole. Those results are reported in the
Appendix and summarized below.
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Table 2. Descriptive statistics and correlations for system use predictors.
Predictors
1. Clicks on Intraindividual exposure
2. Clicks on intraindividual production
3. Clicks on dyadic exposure
4. Clicks on dyadic production
5. Clicks on network exposure
6. Clicks on network production
Overall communication

Mean (SD)
6.84 (13.89)
22.03 (35.78)
491.71 (929.27)
0.62 (1.37)
3.35 (5.57)
12.83 (23.72)
537.38 (971.80)

1
_
0.75***
0.48***
0.21***
0.38***
0.30***

2

3

4

5

_
0.26***
0.18**
0.24***
0.28***

_
0.64***
0.54***
0.49***

_
0.31***
0.49***

_
0.61***

**p < .01. ***p < .001

Results
Our dependent variables – perceived bonding, risky drinking
days, and drug use days – all saw improvements in aggregate
over the 6-month period. Table 3 shows the mean and standard
deviation for each dependent variable at baseline and at
6 months.
For change in perceived bonding, older participants
reported less perceived bonding (see Table 4 for details).
When message production and exposure across the three com
munication levels were entered as predictors, dyadic produc
tion was found to significantly predict perceived bonding,
β = .205, p = .033, indicating that participants who engaged
more in the production of one-to-one messages perceived
increased bonding with others over the 6-month period.
Overall communication, however, (see Appendix Table A1
for the full model) was not associated with perceived bonding
change, β = −.001, p = .988.
For change in risky drinking days, message production at
the network level proved to be a significant predictor,

Table 3. Descriptive statistics of health measures at baseline and 6-month.
Baseline
Bonding
Drinking
Drug use

Mean
3.52
1.25
3.22

6-month
SD
1.02
3.77
7.57

Mean
3.86
0.69
2.14

SD
1.06
2.56
6.55

Only those who stayed through 6-month period are reported here for baseline
statistics.

β = −.219, p = .033, suggesting that individuals who engaged
more in the production of messages for the group discussion
board had reduced risky drinking days over the 6-month
period. In contrast, overall communication was not associated
with change in risky drinking days, β = −.044, p = .571.
For changes in drug use days, older participants and those
who were less depressed reported a reduction in drug use days.
Our data also revealed that when exposure and production
were examined at each level, both intraindividual exposure,
β = −.223, p = .070, and dyadic exposure, β = −.202, p = .068,
trended toward significance in predicting decreased drug use
days. This trend suggests that individuals who viewed, rather
than produced, more personal motivation journals and one-toone messages are also more likely to reduce drug use over the
6-month period. Overall communication was also marginally
associated with reduction in drug use days, β = −0.135,
p = .074. Table 5 summarizes our findings in relation to our
hypotheses.

Discussion
Scholars have long considered ways to design digital health
interventions to foster health behavior change (Cassell et al.,
1998); however, little work has considered the distinct roles
that may be played by message exposure and production as
they occur at different communication levels: intraindividual,
dyadic, and network. To address this gap, we assessed commu
nication behaviors and their distinct effects in the context of
a mobile support application for SUDs recovery, testing
whether message exposure and production have different

Table 4. Regression models predicting change over the 6-month period in perceived bonding, risky drinking, and drug use.
n
Age
Gendera
Educationb
Hispanicc
Race: Whited
Depression
Login days
Intraindividual exposure
Intraindividual production
Dyadic exposure
Dyadic production
Network exposure
Network production
Total R2 (F)

Perceived bonding

Risky drinking days

Drug use days

201
−0.226** (0.07)
−0.105 (0.07)
−0.138† (0.07)
0.101 (0.07)
−0.099 (0.07)
0.119† (0.07)
−0.008 (0.07)
−0.092 (0.12)
0.070 (0.11)
0.022 (0.11)
0.205* (0.10)
−0.004 (0.10)
−0.087 (0.10)
0.161** (2.75)

202
0.086 (0.08)
0.038 (0.07)
−0.087 (0.07)
0.073 (0.08)
−0.023 (0.08)
−0.080 (0.07)
−0.010 (0.08)
0.059 (0.13)
−0.086 (0.11)
0.035 (0.12)
0.127 (0.10)
0.024 (0.10)
−0.219* (0.10)
0.060 (0.92)

199
0.165* (0.07)
−0.005 (0.07)
0.039 (0.07)
0.014 (0.07)
0.064 (0.08)
−0.189** (0.07)
0.089 (0.07)
−0.223† (0.12)
0.087 (0.11)
−0.202† (0.11)
0.085 (0.10)
−0.056 (0.10)
0.116 (0.10)
0.158** (2.67)

Standardized Regression Coefficients (standard errors in parentheses) are reported.
1 = male, 2 = female. bYears of education. c0 = no, 1 = yes. d0 = nonwhite, 1 = white.
†
p < .10 *p < .05. **p < .01. ***p < .001.
a
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Table 5. Hypotheses testing results.
H1(a)
H1(b)
H2(a)
H2(b)
H3(a)
H3(b)
H4(a)
H4(b)
H5(a)
H5(b)

Hypothesized association
Intraindividual production predicts behavior change
Intraindividual exposure predicts behavior change
Dyadic production predicts perceived bonding
Dyadic exposure predicts perceived bonding
Dyadic production predicts behavior change
Dyadic exposure predicts behavior change
Network production predicts perceived bonding
Network exposure predicts perceived bonding
Network production predicts behavior change
Network exposure predicts behavior change

health effects depending on whether individuals are commu
nicating with themselves, within dyads, or with a group. Our
results suggested that exposure and production function dif
ferently at each communication level. We found that (1)
intraindividual exposure marginally predicted decreased drug
use; (2) dyadic production enhanced perceived bonding, while
dyadic exposure marginally predicted reduced drug use; and (3)
network production predicted decreased risky drinking. We
will discuss the implications of these findings for measuring
and theorizing expression effects in digital media, as well as for
refining the design of digital support forums.
Our results suggest, first, that measures of overall commu
nication might not be adequate in revealing some nuanced
effects of exposure and production. Specifically, when examin
ing communication as a whole (i.e., total clicks devoted to
communication activities), it was only marginally associated
with one of our outcomes of interest: reduced drug use days.
Yet additional relationships of communication emerged
through disentangling exposure and production occurring at
each communication level, with actions related to message
production significantly predicting both relationship building
and behavior change. Thus, examining communication overall
may disguise nuanced effects that can be disentangled through
the categorization of system use logs.
As far as theoretical implications, our findings broadly
provide support for the importance of message production
and not just exposure, supporting the “expression effects”
paradigm. Expansion of digital communication has played
a disruptive role in media effects research, as anyone with
access to the Internet access and digital tools (e.g., laptops,
smartphones) can now reach audiences on a potentially large
scale, and to act as a message sender, receiver, or both (BallRokeach & Reardon, 1988). These expression effects have been
hypothesized to exceed those of message exposure, which is
consistent with our general pattern of findings here. The poten
tial effects of producing one’s own content have been explained
through a number of accounts related to self-persuasion, selfconcept change, and productive processing of one’s experience
and viewpoints (Valkenburg, 2017). Yet, given the early stage
of this research paradigm, it has been largely unclear which
mechanism might be implicated when communicating in dif
fering online venues.
Our findings add nuance to the expression effects literature
by suggesting that message production may have different
outcomes, and different mechanisms, depending on the level
of communication. Prior work has suggested that exchanging

Results
Not supported
Partially supported
Supported
Not supported
Not supported
Partially supported
Not supported
Not supported
Partially supported
Not supported

one-to-one messages may be important, within a dyad, to the
extent that they signal relational intimacy, build a sense of
connection, and promote health-related outcomes (Burke
et al., 2010; Collins & Miller, 1994; Valkenburg & Peter,
2011). However, levels of engagement in production and expo
sure-related behaviors have not generally been distinguished.
Our findings suggest that the act of messages production,
rather than exposure, at dyadic level may be particularly asso
ciated with perceiving oneself as close to others, perhaps
because of participants’ acute awareness of the vulnerability
involved in self-disclosure. We also found a marginal effect of
exposure to dyadic messages on substance use, which could be
consistent with the benefits of social support in recovery (Han
et al., 2019), including informational and emotional support
that can guide and motivate recipients’ recovery process. Yet,
this marginal effect requires verification.
For the network level of communication, the production of
public posts was linked with changes in health behavior, spe
cifically decreased risky drinking. This may indicate, consistent
with the public commitment literature (Nyer & Dellande,
2010), that individuals who expressed themselves publicly
may have felt greater motivation to live up to their expressed
intentions to reduce their alcohol abuse. Further research is
needed to test the specific mechanisms through which produ
cing messages at the network level may have predicted sub
stance abuse.
In contrast, at the intraindividual level, the production of
new content was not associated with behavioral outcomes.
Furthermore, we found that exposure to one’s past writing
was marginally associated with reduced drug use. While addi
tional studies in larger samples should be undertaken to con
firm the revealed exposure effect, this finding suggests the
potential importance of reflecting on one’s own private writing,
rather than the act of writing it, as would be potentially con
sistent with self-regulation (Lepore et al., 2002) and selfperception (Bem, 1972) accounts of private writing. These
accounts suggest that private writing benefits individuals
because it produces a record of their commitments and perso
nal qualities, against which writers can measure their present
performance. In the recovery context, viewing one’s recovery
journal might translate into behavioral change by reminding
people why they are in recovery and why it is important to stick
with it.
Our findings suggest several implications for the design of
digital health interventions. First, given our findings related to
the potential benefits of intraindividual message exposure,
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intervention design might consider ways to prompt review of
self-created content. For instance, the system might use notifi
cations to prompt users to review their own past journals,
perhaps targeting those moments where recovery motivation
is waning. Such a reflection process might help individuals in
recovery recognize their progress or remind them of their
“better selves.” Second, the findings regarding the benefits of
message production at the dyadic and network level suggest
that those designing health interventions might encourage
these interactions.
We should also acknowledge that this study has several
limitations. The nature of our analysis is correlational, with
changes between baseline and 6 months related to communica
tion behaviors taking place during the same timeframe.
Therefore, it is impossible to determine a causal relationship
between these variables, although we have tried to control for
variables that could introduce confounding. Accordingly, the
results need to be interpreted with caution. Future research
might systematically manipulate the communication features
available at different communication levels (e.g., lock the journal
writing function for participants in one condition and lock the
private message section for the other, etc.). Such a design would
allow us to identify the causal effects of each type of system use.
Additionally, the current study relied solely on system use
logs as an objective and efficient measure of communication
behaviors, yet these findings could be extended through an
examination that considers the content of messages. A range
of past studies have examined how health outcomes may be
predicted by the particular ways that individuals communicate
in support forums. This work highlights potential benefits of
giving and receiving supportive messages (Han et al., 2011,
2019; Yoo et al., 2014), and also points to potential benefits of
processing one’s own experience more deeply within support
forums (Kornfield et al., 2018). A promising future research
direction would be to combine message content coding with
system logs, an approach which may stand to shed some light
on why these levels of communication had their distinct rela
tionships with the focal outcomes. For instance, interacting at
different levels may call forth different types of communica
tion, with public commitments perhaps being disproportio
nately elicited within the public forum, or empathy
expressions within dyadic messages. Thus, future work might
examine whether levels of communication have distinct effects
on health-related outcomes via the ways they shape the content
of communication exchanged.
Last, due to multicollinearity issues, we were not able to
enter the interaction terms between these independent vari
ables in addition to their main effects. As participants tend to
engage in multiple communication functions within digital
health interventions, future work may wish to examine inter
actions between communication behaviors occurring at differ
ent levels. We also encourage future research to adopt other
modeling techniques (e.g., time series modeling) to reveal how
one type of system use motivates other sub-function utilization
(Chung, 2014). Combining more dynamic analytic techniques
with content coded message posts, all while distinguishing
between production and consumption of these messages at
different communication levels, would open up new research
avenues and insights.
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Notes
1. Survey and coding details are available from the corresponding
author.
2. We computed variance inflation factor (VIF) score for all predic
tors entered simultaneously in our regression model. With all VIF
scores below 4.0, we determined that our models did not suffer
from multicollinearity issues.

Funding
This work was supported by the National Institute on Drug Abuse
[R01DA034279] and the National Institute of Mental Health
[T32MH115882].

ORCID
Ranran Z. Mi

http://orcid.org/0000-0003-2113-3876

References
Alcoholics Anonymous. (2019). Questions & answers on sponsorship.
https://www.aa.org/assets/en_US/p-15_Q&AonSpon.pdf
Allison, P. D. (1990). Change scores as dependent variables in regression
analysis. Sociological Methodology, 20, 93–114. https://doi.org/10.2307/
271083
Altman, I., & Taylor, D. A. (1973). Social penetration: The development of
interpersonal relationships. Holt, Rinehart, & Winston.
Ancker, J. S., Carpenter, K. M., Greene, P., Hoffman, R., Kukafka, R.,
Marlow, L. A., Prigerson, H. G., & Quillin, J. M. (2009). Peer-to-peer
communication, cancer prevention, and the Internet. Journal of Health
Communication, 14(S1), 38–46. https://doi.org/10.1080/
10810730902806760
Ashford, R. D., Bergman, B. G., Kelly, J. F., & Curtis, B. (2020). Systematic
review: Digital recovery support services used to support substance use
disorder recovery. Human Behavior and Emerging Technologies, 2(1),
18–32. https://doi.org/10.1002/hbe2.148
Ashford, R. D., Lynch, K., & Curtis, B. (2018). Technology and social
media use among patients enrolled in outpatient addiction treatment
programs: Cross-sectional survey study. Journal of Medical Internet
Research, 20(3), Article e84. https://doi.org/10.2196/jmir.9172
Ayobi, A., Sonne, T., Marshall, P., & Cox, A. L. (2018). Flexible and
mindful self-tracking: Design implications from paper bullet journals.
CHI’18 Proceedings of the 2018 CHI Conference on Human Factors in
Computing Systems, 1–14. https://doi.org/10.1145/3173574.3173602
Baikie, K. A., & Wilhelm, K. (2005). Emotional and physical health
benefits of expressive writing. Advances in Psychiatric Treatment, 11
(5), 338–346. https://doi.org/10.1192/apt.11.5.338
Ball-Rokeach, S. J., & Reardon, K. (1988). Monologue, dialogue, and
telelog: Comparing an emergent form of communication with tradi
tional forms. In R. Hawkins, I. Wiemann, & S. Pingree (Eds.),
Advancing communication science: Merging mass and interpersonal
processes (pp. 135–161). Sage.
Bazarova, N. N. (2012). Public intimacy: Disclosure interpretation and
social judgments on Facebook. Journal of Communication, 62(5),
815–832. https://doi.org/10.1111/j.1460-2466.2012.01664.x
Bazarova, N. N., & Choi, Y. H. (2014). Self-disclosure in social media:
Extending the functional approach to disclosure motivations and char
acteristics on social network sites. Journal of Communication, 64(4),
635–657. https://doi.org/10.1111/jcom.12106
Bazarova, N. N., Taft, J. G., Choi, Y. H., & Cosley, D. (2013). Managing
impressions and relationships on Facebook: Self-presentational and
relational concerns revealed through the analysis of language style.
Journal of Language and Social Psychology, 32(2), 121–141. https://
doi.org/10.1177/0261927X12456384
Bem, D. J. (1972). Self-perception theory. Advances in Experimental Social
Psychology, 6, 1–62. https://doi.org/10.1016/S0065-2601(08)60024-6

10

R. Z. MI ET AL.

Bickel, W. K., Marsch, L. A., Buchhalter, A. R., & Badger, G. J. (2008).
Computerized behavior therapy for opioid-dependent outpatients:
A randomized controlled trial. Experimental and Clinical
Psychopharmacology, 16(2), 132–143. https://doi.org/10.1037/10641297.16.2.132
Burke, M., & Kraut, R. (2013). Using Facebook after losing a job:
Differential benefits of strong and weak ties. CSCW’13: Proceedings of
the 2013 Conference on Computer Supported Cooperative Work,
1419–1430. https://doi.org/10.1145/2441776.2441936
Burke, M., Kraut, R., & Marlow, C. (2011). Social capital on
Facebook: Differentiating uses and users. CHI’11: Proceedings
of the SIGCHI Conference on Human Factors in Computing
Systems, 571–580. https://doi.org/10.1145/1978942.1979023
Burke, M., & Kraut, R. E. (2014). Growing closer on Facebook: Changes in
tie strength through social network site use. CHI’14: Proceedings of the
SIGCHI Conference on Human Factors in Computing Systems,
4187–4196. https://doi.org/10.1145/2556288.2557094
Burke, M., Marlow, C., & Lento, T. (2010). Social network activity and
social well-being. CHI’10: Proceedings of the SIGCHI Conference on
Human Factors in Computing Systems, 1909–1912. https://doi.org/10.
1145/1753326.1753613
Carreiro, S., Newcomb, M., Leach, R., Ostrowski, S., Boudreaux, E. D., &
Amante, D. (2020). Current reporting of usability and impact of
mHealth interventions for substance use disorder: A systematic
review. Drug and Alcohol Dependence, 215, Article 108201. https://
doi.org/10.1016/j.drugalcdep.2020.108201
Cassell, M. M., Jackson, C., & Cheuvront, B. (1998). Health communica
tion on the Internet: An effective channel for health behavior change?
Journal of Health Communication, 3(1), 71–79. https://doi.org/10.1080/
108107398127517
Center for Behavioral Health Statistics and Quality. (2018). 2017 National
Survey on Drug Use and Health: Methodological summary and
definitions. Substance Abuse and Mental Health Services
Administration. https://www.samhsa.gov/data/report/2017methodological-summary-and-definitions
Chaffee, S. H., & Berger, C. R. (1987). What communication scientists do.
In C. R. Berger & S. H. Chaffee (Eds.), The handbook of communication
science (pp. 99–122). Sage.
Chuang, K. Y., & Yang, C. C. (2012). A study of informational support
exchanges in MedHelp alcoholism community. In S. J. Yang,
A. M. Greenberg, & M. Endsley (Eds.), Social computing, behavioralcultural modeling, and prediction (pp. 9–17). Springer. https://doi.org/
10.1007/978-3-642-29047-3_2
Chuang, K. Y., & Yang, C. C. (2014). Informational support exchanges
using different computer-mediated communication formats in a social
media alcoholism community. Journal of the Association for
Information Science and Technology, 65(1), 37–52. https://doi.org/10.
1002/asi.22960
Chung, J. E. (2014). Social networking in online support groups for health:
How online social networking benefits patients. Journal of Health
Communication, 19(6), 639–659. https://doi.org/10.1080/10810730.
2012.757396
Collins, N. L., & Miller, L. C. (1994). Self-disclosure and liking: A
meta-analytic review. Psychological Bulletin, 116(3), 457–475. https://
doi.org/10.1037/0033-2909.116.3.457
Cutrona, C. E., & Russell, D. W. (1990). Type of social support and specific
stress: Toward a theory of optimal matching. In B. R. Sarason,
I. G. Sarason, & G. R. Pierce (Eds.), Social support: An interactional
view (pp. 319–366). John Wiley & Sons.
DeAndrea, D. C. (2015). Testing the proclaimed affordances of online
support groups in a nationally representative sample of adults seeking
mental health assistance. Journal of Health Communication, 20(2),
147–156. https://doi.org/10.1080/10810730.2014.914606
Eysenbach, G., Powell, J., Englesakis, M., Rizo, C., & Stern, A. (2004).
Health related virtual communities and electronic support groups:
Systematic review of the effects of online peer to peer interactions.
The BMJ, 328(7449), 1166–1171. https://doi.org/10.1136/bmj.328.
7449.1166
Gil de Zuniga, H., Bachmann, I., Hsu, S. H., & Brundidge, J. (2013).
Expressive versus consumptive blog use: Implications for interpersonal

discussion and political participation. International Journal of
Communication, 7, 1538–1559. https://ijoc.org/index.php/ijoc/article/
view/2215
Greenberg, M. A., & Lepore, S. J. (2004). Theoretical mechanisms involved
in disclosure: From inhibition to self-regulation. In I. Nyklicek,
L. Temoshok, & A. Vingerhoets (Eds.), Emotional expression and
health: Advances in theory, assessment, and clinical applications (pp.
42–58). Brunner-Routledge.
Gustafson, D. H., McTavish, F. M., Chih, M.-Y., Atwood, A. K.,
Johnson, R. A., Boyle, M. G., Levy, M. S., Driscoll, H.,
Chisholm, S. M., Dillenburg, L., Isham, A., & Shah, D. (2014).
A smartphone application to support recovery from alcoholism:
A randomized clinical trial. JAMA Psychiatry, 71(5), 566–572. https://
doi.org/10.1001/jamapsychiatry.2013.4642
Gustafson, D. H., Shaw, B. R., Isham, A., Baker, T., Boyle, M. G., &
Levy, M. (2011). Explicating an evidence-based, theoretically informed,
mobile technology-based system to improve outcomes for people in
recovery for alcohol dependence. Substance Use & Misuse, 46(1),
96–111. https://doi.org/10.3109/10826084.2011.521413
Han, J. Y., Kim, E., Lee, Y. I., Shah, D. V., & Gustafson, D. H. (2019).
A longitudinal investigation of empathic exchanges in online cancer
support groups: Message reception and expression effects on patients’
psychosocial health outcomes. Journal of Health Communication, 24
(6), 615–623. https://doi.org/10.1080/10810730.2019.1644401
Han, J. Y., Kim, J. H., Yoon, H. J., Shim, M., McTavish, F. M., &
Gustafson, D. H. (2012). Social and psychological determinants
of levels of engagement with an online breast cancer support
group: Posters, lurkers, and nonusers. Journal of Health
Communication, 17(3), 356–371. https://doi.org/10.1080/
10810730.2011.585696
Han, J. Y., Shah, D. V., Kim, E., Namkoong, K., Lee, S. Y.,
Moon, T. J., Cleland, R., Bu, Q. L., McTavish, F. M., &
Gustafson, D. H. (2011). Empathic exchanges in online cancer
support groups: Distinguishing message expression and recep
tion effects. Health Communication, 26(2), 185–197. https://doi.
org/10.1080/10410236.2010.544283
Kellogg, R. T. (1999). The psychology of writing. Oxford University Press.
King, L. A. (2001). The health benefits of writing about life goals.
Personality and Social Psychology Bulletin, 27(7), 798–807. https://doi.
org/10.1177/0146167201277003
Kornfield, R., & Toma, C. L. (2020). When do online audiences amplify
benefits of self-disclosure? The role of shared experience and antici
pated interactivity. Journal of Broadcasting & Electronic Media, 64(2),
1–21. https://doi.org/10.1080/08838151.2020.1757366
Kornfield, R., Toma, C. L., Shah, D. V., Moon, T. J., & Gustafson, D. H.
(2018). What do you say before you relapse? How language use in a
peer-to-peer online discussion forum predicts risky drinking among
those in recovery. Health Communication, 33(9), 1184–1193. https://
doi.org/10.1080/10410236.2017.1350906
Kroenke, K., Strine, T. W., Spitzer, R. L., Williams, J. B., Berry, J. T., &
Mokdad, A. H. (2009). The PHQ-8 as a measure of current depression
in the general population. Journal of Affective Disorders, 114(1–3),
163–173. https://doi.org/10.1016/j.jad.2008.06.026
Lawlor, A., & Kirakowski, J. (2014). Online support groups for mental
health: A space for challenging self-stigma or a means of social
avoidance? Computers in Human Behavior, 32, 152–161. https://doi.
org/10.1016/j.chb.2013.11.015
Lepore, S. J., Greenberg, M. A., Bruno, M., & Smyth, J. M. (2002).
Expressive writing and health: Self-regulation of emotionrelated experience, physiology, and behavior. In S. J. Lepore
& J. M. Smyth (Eds.), The writing cure: How expressive writing
promotes health and emotional well-being (pp. 99–117).
American Psychological Association. https://doi.org/10.1037/
10451-005
MacReady, D. E., Cheung, R. M., Kelly, A. E., & Wang, L. (2011).
Can public versus private disclosure cause greater psychological
symptom reduction? Journal of Social and Clinical Psychology,
30(10), 1015–1042. https://doi.org/10.1521/jscp.2011.30.10.1015
Malloch, Y. Z., & Taylor, L. D. (2019). Emotional self-disclosure in
online breast cancer support groups: Examining theme,

HEALTH COMMUNICATION

reciprocity, and linguistic style matching. Health Communication,
34(7), 764–773. https://doi.org/10.1080/10410236.2018.1434737
McKenna, K. Y., & Bargh, J. A. (1998). Coming out in the age of
the Internet: Identity “demarginalization” through virtual
group participation. Journal of Personality and Social
Psychology, 75(3), 681–694. https://doi.org/10.1037/0022-3514.
75.3.681
Namkoong, K., McLaughlin, B., Yoo, W., Hull, S. J., Shah, D. V.,
Kim, S. C., Moon, T. J., Johnson, C. N., Hawkins, R. P.,
McTavish, F. M., & Gustafson, D. H. (2013). The effects of expression:
How providing emotional support online improves cancer patients’
coping strategies. Journal of the National Cancer Institute
Monographs, 2013(47), 169–174. https://doi.org/10.1093/jncimono
graphs/lgt033
Namkoong, K., Shah, D. V., & Gustafson, D. H. (2017). Offline social
relationships and online cancer communication: Effects of social and
family support on online social network building. Health
Communication, 32(11), 1422–1429. https://doi.org/10.1080/
10410236.2016.1230808
Namkoong, K., Shah, D. V., McLaughlin, B., Chih, M. Y.,
Moon, T. J., Hull, S., & Gustafson, D. H. (2017). Expression
and reception: An analytic method for assessing message pro
duction and consumption in CMC. Communication Methods
and Measures, 11(3), 153–172. https://doi.org/10.1080/
19312458.2017.1313396
Nekmat, E. (2012). Message expression effects in online social
communication. Journal of Broadcasting & Electronic Media, 56(2),
203–224. https://doi.org/10.1080/08838151.2012.678513
Nesvåg, S., & McKay, J. R. (2018). Feasibility and effects of digital inter
ventions to support people in recovery from substance use disorders:
Systematic review. Journal of Medical Internet Research, 20(8), Article
e255. https://doi.org/10.2196/jmir.9873
Newman, M. W., Lauterbach, D., Munson, S. A., Resnick, P., &
Morris, M. E. (2011). It’s not that I don’t have problems, I’m just not
putting them on Facebook: Challenges and opportunities in using
online social networks for health. CSCW’11: Proceedings of the ACM
2011 Conference on Computer Supported Cooperative Work, 341–350.
https://doi.org/10.1145/1958824.1958876
Nuamah, J., Mehta, R., & Sasangohar, F. (2020). Technologies for opioid use
disorder management: Mobile app search and scoping review. JMIR
mHealth and uHealth, 8(6), Article e15752. https://doi.org/10.2196/15752
Nyer, P. U., & Dellande, S. (2010). Public commitment as a motivator for
weight loss. Psychology & Marketing, 27(1), 1–12. https://doi.org/10.
1002/mar.20316
Panko, R. R., & Kinney, S. T. (1992). Dyadic organizational communica
tion: Is the dyad different? Proceedings of the Twenty-Fifth Hawaii
International Conference on System Sciences, 4, 244–252. https://doi.
org/10.1109/HICSS.1992.183435
Papacharissi, Z. (2012). Without you, I’m nothing: Performances
of the self on Twitter. International Journal of Communication,
6, 1989–2006. https://ijoc.org/index.php/ijoc/article/view/1484
Pennebaker, J. W. (1997). Writing about emotional experiences as
a therapeutic process. Psychological Science, 8(3), 162–166. https://doi.
org/10.1111/j.1467-9280.1997.tb00403.x
Pennebaker, J. W., Colder, M., & Sharp, L. K. (1990). Accelerating the
coping process. Journal of Personality and Social Psychology, 58(3),
528–537. https://doi.org/10.1037/0022-3514.58.3.528
Perski, O., Blandford, A., West, R., & Michie, S. (2017). Conceptualising
engagement with digital behaviour change interventions: A systematic
review using principles from critical interpretive synthesis.
Translational Behavioral Medicine, 7(2), 254–267. https://doi.org/10.
1007/s13142-016-0453-1
Pingree, R. J. (2007). How messages affect their senders: A more general
model of message effects and implications for deliberation.
Communication Theory, 17(4), 439–461. https://doi.org/10.1111/j.
1468-2885.2007.00306.x
Quanbeck, A., Gustafson, D. H., Marsch, L. A., Chih, M. Y., Kornfield, R.,
McTavish, F., Johnson, R., Brown, R. T., Mares, M. L., & Shah, D. V.

11

(2018). Implementing a mobile health system to integrate the treatment
of addiction into primary care: A hybrid implementation-effectiveness
study. Journal of Medical Internet Research, 20(1), Article e37. https://
doi.org/10.2196/jmir.8928
Quanbeck, A. R., Gustafson, D. H., Marsch, L. A., McTavish, F.,
Brown, R. T., Mares, M. L., Johnson, R., Glass, J. E., Atwood, A. K., &
McDowell, H. (2014). Integrating addiction treatment into primary
care using mobile health technology: Protocol for an implementation
research study. Implementation Science, 9(1), Article 65. https://doi.
org/10.1186/1748-5908-9-65
Radin, P. (2006). “To me, it’s my life”: Medical communication, trust, and
activism in cyberspace. Social Science & Medicine, 62(3), 591–601.
https://doi.org/10.1016/j.socscimed.2005.06.022
Salomon, G., & Cohen, A. A. (1978). On the meaning and validity of
television viewing. Human Communication Research, 4(3), 265–270.
https://doi.org/10.1111/j.1468-2958.1978.tb00615.x
Savic, M., Best, D., Rodda, S., & Lubman, D. I. (2013). Exploring the focus
and experiences of smartphone applications for addiction recovery.
Journal of Addictive Diseases, 32(3), 310–319. https://doi.org/10.1080/
10550887.2013.824331
Schienker, B. R., Dlugolecki, D. W., & Doherty, K. (1994). The
impact of self-presentations on self-appraisals and behavior:
The power of public commitment. Personality and Social
Psychology Bulletin, 20(1), 20–33. https://doi.org/10.1177/
0146167294201002
Setoyama, Y., Yamazaki, Y., & Namayama, K. (2011). Benefits of peer
support in online Japanese breast cancer communities: Differences
between lurkers and posters. Journal of Medical Internet Research, 13
(4), Article e122. https://doi.org/10.2196/jmir.1696
Smyth, J. M., & Pennebaker, J. W. (2008). Exploring the boundary condi
tions of expressive writing: In search of the right recipe. British Journal
of Health Psychology, 13(1), 1–7. https://doi.org/10.1348/
135910707X260117
Solano, C. H., & Dunnam, M. (1985). Two’s company: Self-disclosure and
reciprocity in triads versus dyads. Social Psychology Quarterly, 48(2),
183–187. https://doi.org/10.2307/3033613
Substance Abuse and Mental Health Services Administration [SAMHSA].
(2019). Key substance use and mental health indicators in the United States:
Results from the 2018 national survey on drug use and health. Center for
Behavioral Health Statistics and Quality. https://www.samhsa.gov/data/
sites/default/files/cbhsq-reports/NSDUHNationalFindingsReport2018/
NSDUHNationalFindingsReport2018.pdf
Tanis, M., Das, E., & Fortgens-Sillmann, M. (2011). Finding care for the
caregiver? Active participation in online health forums attenuates the
negative effect of caregiver strain on wellbeing. Communications: The
European Journal of Communication Research, 36(1), 51–66. https://
doi.org/10.1515/comm.2011.003
Thoits, P. A. (2011). Mechanisms linking social ties and support
to physical and mental health. Journal of Health and Social
Behavior, 52(2), 145–161. https://doi.org/10.1177/
0022146510395592
Toma, C. L., & Hancock, J. T. (2013). Self-affirmation underlies Facebook
use. Personality and Social Psychology Bulletin, 39(3), 321–331. https://
doi.org/10.1177/0146167212474694
Tonigan, J. S., & Rice, S. L. (2010). Is it beneficial to have an alcoholics
anonymous sponsor? Psychology of Addictive Behaviors, 24(3),
397–403. https://doi.org/10.1037/a0019013
Valkenburg, P. M. (2017). Understanding self-effects in social media.
Human Communication Research, 43(4), 477–490. https://doi.org/10.
1111/hcre.12113
Valkenburg, P. M., & Peter, J. (2007). Preadolescents’ and adoles
cents’ online communication and their closeness to friends.
Developmental Psychology, 43(2), 267–277. https://doi.org/10.
1037/0012-1649.43.2.267
Valkenburg, P. M., & Peter, J. (2011). Online communication among
adolescents: An integrated model of its attraction, opportunities, and
risks. Journal of Adolescent Health, 48(2), 121–127. https://doi.org/10.
1016/j.jadohealth.2010.08.020

12

R. Z. MI ET AL.

Van Uden-kraan, C. F., Drossaert, C. H., Taal, E., Seydel, E. R., &
Van de Laar, M. A. (2008). Self-reported differences in empow
erment between lurkers and posters in online patient support
groups. Journal of Medical Internet Research, 10(2), Article e18.
https://doi.org/10.2196/jmir.992
Walther, J. B., & Valkenburg, P. M. (2017). Merging mass and interperso
nal communication via interactive communication technology: A
symposium. Human Communication Research, 43(4), 415–423.
https://doi.org/10.1111/hcre.12120
West, R., & Michie, S. (2016). A guide to development and evalua
tion of digital behaviour interventions in healthcare. Silverback
Publishing.
Wilson, T. D., & Linville, P. W. (1982). Improving the academic perfor
mance of college freshmen: Attribution therapy revisited. Journal of
Personality and Social Psychology, 42(2), 367–376. https://doi.org/10.
1037/0022-3514.42.2.367
Wright, K. B., & Bell, S. B. (2003). Health-related support groups on
the Internet: Linking empirical findings to social support and
computer-mediated communication theory. Journal of Health
Psychology, 8(1), 39–54. https://doi.org/10.1177/
1359105303008001429
Yoo, W., Namkoong, K., Choi, M., Shah, D. V., Tsang, S.,
Hong, Y., Aguilar, M., & Gustafson, D. H. (2014). Giving and
receiving emotional support online: Communication compe
tence as a moderator of psychosocial benefits for women with
breast cancer. Computers in Human Behavior, 30, 13–22.
https://doi.org/10.1016/j.chb.2013.07.024
Zhang, S., O’Carroll Bantum, E., Owen, J., Bakken, S., & Elhadad, N.
(2017). Online cancer communities as informatics intervention for

social support: Conceptualization, characterization, and impact.
Journal of the American Medical Informatics Association, 24(2),
451–459. https://doi.org/10.1093/jamia/ocw093

Appendix
Table A1. Alternative regression models using overall communication to predict
change over the 6-month period in perceived bonding, risky drinking, and drug
use.

n
Age
Gendera
Educationb
Hispanicc
Race: Whited
Depression
Login days
Overall
communication
Total R2 (F)

Perceived
bonding

Risky drinking
days

201
−0.203** (0.07)
−0.098 (0.07)
−0.143* (0.07)
0.104 (0.07)
−0.081 (0.07)
0.135† (0.07)

202
0.084 (0.08)
0.027 (0.07)
−0.083 (0.07)
0.052 (0.08)
−0.014 (0.08)
−0.077 (0.07)

0.003 (0.07)
−0.001 (0.07)

−0.015 (0.08)
−0.044 (0.08)

199
0.181* (0.07)
−0.002 (0.07)
0.007 (0.07)
0.028 (0.07)
0.092 (0.07)
−0.192**
(0.07)
0.086 (0.07)
−0.135† (0.08)

0.124** (3.40)

0.024 (0.60)

0.091* (2.37)

Drug use days

Standardized Regression Coefficients (standard errors in parentheses) are
reported.
a
1 = male, 2 = female. bYears of education. c0 = no, 1 = yes. d0 = nonwhite,
1 = white.
†
p < .10 *p < .05. **p < .01. ***p < .001.

