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Abstract
Internet Support Groups (ISGs) are a valued and popular source of health information and
support among consumers and carers. Although ISGs are premised upon mutual help, it has
been observed that only a small minority of users, of the order of 1%, are responsible for the
majority of activity. Despite their potential importance to the outcomes and sustainability of
online groups, little is known about the characteristics of these participants or the nature of
their participation.
This thesis comprises a systematic review of the literature on styles of participation in ISGs
followed by a series of five empirical studies focusing on the nature of participation in a
Mental Health Internet Support Group (MHISG). These studies sought to address fundamental
gaps in our knowledge regarding active participation in an MHISG, posing the questions: ‘Who
participates?’, ‘With whom do they communicate?’, ‘What do they communicate about?’ and
‘How do these factors differ as a function of user engagement?’. These questions were
addressed using log data generated by all active users (n=2932) of the MHISG ‘BlueBoard’ and
a mixture of qualitative and quantitative methods including novel analyses, such as social
network modularity and topic modelling algorithms.
It was found that the demographic characteristics of higher- and lower-engaged users were
broadly similar, although the members of the higher-engaged group were older and more
likely to identify as consumers. Network analysis demonstrated users communicated with each
other in a pattern that resembled five generational cohorts transcending disorder-specific subforums, in which the highest-engaged users of each cohort were central and registered earlier
than the majority of other users. Topic modelling and qualitative content analysis revealed the
content of the communications of the two groups differed. The communications of higherengaged users appeared to reflect a consumer model of recovery and those of lower-engaged
users a medical model of recovery. However, higher-engaged users modified the content of
their responses when communicating with lower-engaged users. Qualitative analysis of
users’ initial posts revealed higher- and lower-engaged users differed in terms of their
‘awareness’ characteristics at the outset of participation, with higher-engaged users
demonstrating greater interpersonal-, mental health- and self-awareness.
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Based on these findings, this thesis presents ‘The Tripartite Model of MHISG Participation’
which, contrary to prevailing assumptions, posits that differences in posting frequency are
associated with different styles of active participation across the spectrum of
engagement. The higher end comprises a minority group of users—referred to as ‘mutual
helpers’—who are central, aware and proactive about participating in peer support for their
ongoing recovery. At the lower end, the majority of users, referred to as ‘active help seekers’
and ‘active help providers’, participate in transient and asymmetrical exchanges, often with
‘mutual helpers’. Those who do not post are ‘passive followers and help seekers’. The model is
iterated for each cohort. In addition to extending our scientific knowledge base, and informing
the above new model of user participation, these findings are of potential relevance to the
design of future research studies, managers of Internet support groups and policy makers.
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Chapter 1
1.1 Overview
This chapter provides context for the compilation of publications included in this thesis. It
outlines the rationale underpinning and linking these publications and contextualises them
with respect to each other and in the broader relevant literature. Further context is provided
in the forewords to each individual publication (Chapters 2-7) and in the concluding chapter of
this thesis (Chapter 8).

1.1.1 Rationale
This thesis comprises an investigation into the nature of active participation in a Mental Health
Internet Support Group (MHISG). Although there is a high prevalence of participation in such
groups around the world [1, 2] and extensive interest in online health behaviour more broadly
[3], there is little research on this topic [4]. Arguably, the resulting gap in knowledge about a
fundamental aspect of MHISGs, and the consequent reliance on assumptions lacking empirical
validation, has limited progress in what constitutes a promising area for mental health care [58].
Currently, MHISGs are represented in the literature as an homogenous intervention
comprising peer-to-peer mutual support [9, 10]. Active participation in this intervention is
defined by the act of contributing content to the MHISG. Thus, active participation is typically
measured by the basic unit of contribution, a post, and the extent of engagement in the
intervention by an individual is typically defined by their posting frequency [11]. Recent
research, including a replication study reported in the current thesis, has found that the
distribution of engagement in an MHISG follows an inverse power law, in which the majority of
the content (of the order of 75%) is created by a small minority of users (1%) [12-14]. This
phenomenon is referred to as participation inequality in the broader literature on online
communities [15]. Our systematic review of studies of active participation in health ISGs
concluded that such research is typically underpinned by the assumption that more highlyengaged users receive a greater dose of the intervention than low-engaged users but that the
mode of action of the intervention is the same for each group [11]. However, the validity of
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this assumption and whether there are meaningful differences between users who are
differentially engaged in MHISGs had not yet been investigated.
The research question guiding the empirical studies of this thesis was therefore ‘are there
systematic differences in the nature of participation between users at higher and lower levels
of engagement?’. Given that the nature of participation is multifaceted, this overarching
research question is asked repeatedly in multiple studies that investigate various fundamental
aspects of active participation including ‘what are the characteristics of people who
participate?’, ‘with whom do they communicate?’, ‘what do they communicate about?’.
The answer to these research questions has important implications. An understanding of the
nature of active participation in an MHISG is necessary if we are to understand the
mechanisms that might underpin the effectiveness of these groups. From a community
management perspective, such knowledge is required to inform the optimal development,
management and service delivery of MHISGs. From a research perspective, such information
has the potential to affect the design and measures employed in future studies of the effects
of MHISGs should the findings suggest that active participation is heterogeneous rather than
homogenous in nature. From a policy perspective, determining how MHISGs are used can
inform their potential role within the mental healthcare system and what aspects require
investment. The existence of people who voluntarily provide support to thousands of people—
an activity which may be viewed by and thus indirectly support thousands more—highlights an
area that warrants further investigation to inform what role these people, and the
communities to whom they are central, are best placed to perform.

1.1.2 Method
Previous studies on the nature of MHISG participation have been limited with respect to their
aims and methods [4]. Few studies have employed analyses other than overall descriptive
summaries of user characteristics and content. Almost all research has relied upon surveys and
manual content analyses. In contrast, the studies included in this thesis address the above
research questions using log data and information collected during user registration. These
studies employ innovative analyses, such as a network modularity algorithm and a topic
modelling algorithm, to provide new and informative perspectives on the nature of
participation in an MHISG, particularly how it differs between differentially engaged users. The
current approach thus comprises analyses that investigate key questions systematically, free
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from selection effects associated with the administration of surveys, and in the case of the
topic model less subject to the biases associated with manual content analyses. In doing so,
this thesis sought to provide data that would inform a model of the nature of participation in
an MHISG.
All empirical studies were conducted on a single MHISG, BlueBoard. Background information
regarding BlueBoard is provided at the end of this chapter.

1.1.3 Thesis structure
This thesis comprises eight chapters. Chapter 1 (this chapter) provides a context for the
ensuing compilation of papers, presenting brief overviews of the relevant published research
and policy literature and a description of the rationale of the studies included in the thesis,
along with the specific research questions addressed in each study. Chapter 2 provides a
systematic review of the empirical literature on participation in an MHISG (Chapter 2). This is
followed by the empirical findings of the thesis in the form of four published papers (Chapters
3 to 6) and a yet-to-be-submitted paper (Chapter 7). The thesis concludes with a chapter that
summarises the findings, synthesises them into a model of participation and discusses the
possible implications in the context of extant literature and policy (Chapter 8).

1.2 Background literature and policy
This section includes a brief overview of literature relevant to the ensuing chapters outlining:
1) key issues in population mental health; 2) advantages of e-mental health services in
addressing these issues; 3) definitions and underlying theory regarding peer support; 4) the
extent of participation in online peer support; 5) findings from studies of mental health
Internet support groups; and 6) the current conceptualisation of active participation in an
MHISG.

1.2.1 Mental illness
Mental illness is a significant global health issue. Common mental disorders such as anxiety
and depression are highly prevalent throughout the world [16, 17]. Inadequate access to
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mental healthcare services is similarly a common issue, even among high-income countries
[18]. The strategies for addressing mental health issues are broadly similar across countries
[19]. In view of these similarities, and since the majority of participants in the studies included
in this thesis are Australian residents, the current review focuses primarily on literature and
data from an Australian context.
1.2.1.1 Prevalence. In Australia, the one-year prevalence of mental disorders among people
aged 16–85 years is 20% [20]. Over a lifetime the prevalence is 45.5% [20]. Of all major health
conditions in Australia, mental illness is responsible for the third largest burden of disease
(12%), behind cancer (19%) and cardiovascular diseases (15%) [21]. The life expectancy of
Australians with severe mental disorders is between 10 to 36 years lower than the population
average [22]. The annual cost of mental illness in Australia, including the cost of treatment and
lost productivity, has been estimated to be $20 billion [23].
The symptoms, chronicity and severity of mental illness can differ substantially between and
within different mental health conditions. The most common disorders in Australia are anxiety
disorders (14.4%), affective disorders (6.2%), and substance use disorders (5.1%) [20]. Mental
disorders are often experienced in combination. Of the 20% of Australians who experience a
mental disorder in any one year, 57.5% have one disorder and 42.5% have two or more
disorders [20]. Based on DSM-IV and ICD-10 criteria, one-fifth (20.5%) are classified as severe,
one third (33.2%) are classified as moderate, and just under half (46.3%) are classified as mild
[24]. A higher proportion of people with affective disorders experience a severe mental
disorder than people with an anxiety disorder or substance use disorder [24]. The reported
prevalence of mental illness in other countries is similar to that for Australia, although rates
may be higher in developed countries than in developing countries [16, 17].
1.2.1.2 Life course. Mental illness is commonly first experienced early in life, typically in late
adolescence (18–24 years old) [20]. Two thirds of Australians who ever experience a mental
disorder do so before the age of 21 [20]. The early development of mental illness is associated
with subsequent detrimental social and economic impacts across the life course. Compared
with Australians with other major health conditions, a person with a mental illness is less likely
to be in the labour force [25]. Rates of mental illness among people who are homeless or in
prison are substantially higher than in the general population, with up to 75% of homeless
adults and around 40% of prisoners having a mental illness [25]. There is also an
overrepresentation of people with severe mental illness within these groups [25].

4

1.2.1.3 Help-seeking. From a public health perspective, one of the most challenging aspects of
mental illness is that the majority of people (65%) with a mental illness do not seek
professional help for their condition [20, 26]. The reasons for this are complex and arise from
an interaction of personal and interpersonal factors, and from structural factors in the mental
healthcare system. Stigma towards mental illness is an important factor [27], with willingness
to access mental health services diminished by a fear of embarrassment and/or discrimination.
Poor mental health literacy and a preference for self-reliance have also been observed as
barriers to help-seeking [27].
1.2.1.4 Services and national policy. Structurally, there are issues with the Australian mental
healthcare system, many of which are yet to be addressed [28]. For example, there is evidence
that inequity in the accessibility of mental healthcare pervades the system, particularly in nonurban areas and for minority groups [29-32]. It has been argued that the allocation of funding
to services is often determined by administrative convenience rather than a person-centred
needs analysis [33]. More funds are allocated by state governments to specialised mental
healthcare services in hospitals ($2.1 billion) for people at crisis point than to communitybased services ($1.9 billion) which might support people in daily life and prevent issues
escalating to crisis point [34].
There is no single solution to remedy these issues, and in a fiscally tight political environment
the prospects of the allocation of funding sufficient to rectify the situation are unlikely. One
potential approach to addressing these challenges is to introduce a range of cost-effective and
person-centred reforms [33]. In 2014, a report commissioned by the Australian Government
(the National Review of Mental Health Programmes and Services) made 25 recommendations
regarding structural reform to the mental health sector grouped under nine strategic
directions [35]. Three of these strategic directions are of particular relevance to this thesis.
First, to improve access to services and support through innovative technologies; second, to
build workforce and research capacity to support systems change; and third, to empower and
support self-care and implement a new model of stepped care across Australia. In particular,
the report recommended improving supply, productivity and access to the mental health peer
workforce. It also recommended providing easy access to self-help options that support
communities to support themselves and each other, and to improve ease of navigation for
stepping through the mental health system.
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The study of MHISGs is relevant to all three of the above areas identified in the National
Review of Mental Health Programs and Services. Online peer support is essentially provided by
a volunteer workforce. This workforce may be positively influenced by policies which support it
to act as scaffolding (access and support through transitions) for other services. Determining if
and how well MHISGs are suited to performing this role depends on understanding more
about how they currently operate.
Before considering the current literature on MHISGs, the next two sections will provide
important background information on the broader field of e-mental health and its advantages,
and on peer support.

1.2.2 E-mental health
E-mental health encompasses a range of technology-based services that provide treatment
and support to consumers and carers. Broadly, they can be grouped into five categories of
services delivered through Internet or mobile technology: 1) health promotion, wellness
promotion and psycho-education; 2) prevention and early intervention; 3) crisis intervention
and suicide prevention; 4) treatment; and 5) recovery and peer support [36]. E-mental health
resources can be used wherever people have access to a computer, a telephone and/or the
Internet. They are delivered via websites, smart-phone apps, sensor-based monitoring devices,
computers and telephones.
E-mental health services circumvent the barriers associated with traditional mental health
services in three key respects.
1) Location. There are significant geographical barriers to accessing face-to-face services
among some sub-groups of the population. By contrast, e-mental health services can be
accessed from any location with access to the Internet. In Australia, for example, 86% of
households have access to the Internet, including more than 97% of households with children
under 15 [37]. This is particularly relevant to people residing in rural and remote areas for
whom access to mental health services is often limited and can involve substantial travel [38],
although the prevalence of Internet access in rural and remote areas is 11 percentage points
lower than in urban areas [37]. Culturally, people in rural areas value self-reliance, a factor
which may increase the appeal of self-help services [38]. Access to face-to-face services can
also be difficult for young people whose ability to reach these services may be mediated by
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adults [39]. Online communities may also be particularly useful for people who are socially
isolated [40] and those for whom there are physical barriers to travel.
2) Cost. Some e-mental health services have been shown to be more cost effective than the
equivalent face-to-face services [41]. While the initial development of any mental health
service requires substantial funding, the ongoing maintenance and delivery costs of e-mental
services are small relative to the scale on which they can be delivered. For example, a costutility analysis of the e-mental health program myCompass found that the cost per qualityadjusted-life-year delivered by the program was one fifth that of treatment with
antidepressants and one tenth that of recommended treatment by a psychologist [36].
Consequently, e-mental health programs can be delivered at low or no cost to the user.
Longstanding freely available e-mental health programs such as MoodGYM have been used by
over 1,000,000 people [36].
3) Stigma. The stigma surrounding mental illness comprises attitudes and beliefs that people
with mental disorders are weak and that the conditions do not constitute real medical illnesses
[42]. Those with a mental illness frequently internalise this public stigma, leading to a
reluctance to seek formal help for their condition [43]. Those considering accessing face-toface services may fail to do so due to fear of being stigmatised by others, including their health
practitioners [43]. The help-seeking decisions of young people in particular are affected by
perceived stigma [39]. A critical aspect of e-mental health services is that many can be
accessed anonymously, a factor which reduces perceived stigma as a barrier to accessing help.
Additionally, e-mental health programs do not require a referral and can be accessed at any
time of day that they are needed. Access to such services may reduce presentations at more
costly face-to-face services that operate 24 hours a day, such as emergency departments.
While e-mental health is not necessarily an adequate substitute for people who need access to
specific face-to-face services, they may be helpful in providing support until other more
appropriate services can be accessed.
The unique advantages of e-mental health services place them in a strong position to facilitate
help-seeking among people who are not inclined to seek help from traditional mental health
services [44]. They may also facilitate pathways between conventional services and assist
those with a mental disorder to transition between and throughout different levels of steppedcare [36]. In the broader context of the mental healthcare system, the potential of e-mental
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health has not been fully realised [44] primarily due to a failure of implementation [45]. Thus,
although there is substantial evidence of the effectiveness of e-mental health services such as
iCBT [46-50], including evidence that it is as effective as face-to-face delivered therapies [51,
52], such resources have not been systematically implemented [45] or integrated within the
mainstream mental health system.
In contrast, as will be discussed below, little is known about online peer support. Such groups
have been implemented widely, but there is an absence of foundational research concerning
the nature and efficacy of these groups.

1.2.3 Peer support
In the mental health sector, peer support refers to supportive exchanges between individuals
with a shared understanding of mental illness from their own lived experience [53]. These
exchanges comprise social support, including emotional, informational, instrumental and
appraisal support [54]. Peer support can be naturally occurring in any context or it can be
intentionally facilitated. The degree of structure and formality in the latter can vary from
informal self-help groups organised in the community to professional one-on-one relationships
between a peer worker and a consumer in a mental health service. The setting may be face-toface, over the telephone, or online.
Researchers have classified the interpersonal dynamics of peer support into three type: 1)
mutual help; 2) consumer-run services; and 3) consumers as mental health providers [55, 56].
Mutual help comprises interactions between peers in a relatively symmetrical relationship in
that they are engaged in peer-support for the purpose of both providing and receiving support.
Internet support groups are typically regarded as comprising mutual help [4, 57]. Consumerrun services comprise an asymmetrical relationship whereby a volunteer or a peer-worker who
is paid for their expertise as a peer, provides support to a consumer. Generally, the peer is
further progressed in their recovery and provides a mentoring role to support the consumer.
Consumers as mental health providers comprises support provided by a peer who is a health
professional in a role that does not require them to be a consumer.
Formally, the involvement of peer support in mental healthcare dates back to the 18th century;
however, it has only been since the 1990s [58, 59] that peer support has become popular and
widely adopted [60]. The origin of peer support stems from the consumer movement of the
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1970s which advocated for mental health consumer rights and de-institutionalisation of
mental healthcare [61]. The movement challenged the assumptions and negative
consequences of traditional mental healthcare and brought peers together with the aim of
creating their own empowering alternatives to existing care [62]. It has been suggested that
peer support and peer-run services provide three unique contributions not offered by
traditional (non-consumer) mental healthcare [60, 63]. These are:
1) instilling hope through positive self-disclosure: peers can empower others by demonstrating
that recovery is possible and encourage them to strive towards it;
2) peers providing a role model for others to demonstrate how to navigate day-to-day life
issues, including for example dealing with social, financial and healthcare system related issues
or discrimination [64]; this is largely achieved by imparting experiential knowledge; and
3) forming a valued relationship that is characterised by trust, respect, acceptance, empathy,
conditional regard and encouragement; such a relationship is seen as critical to engaging
people to assist and motivate them to pursue their recovery [65, 66].
An important aspect of the consumer movement which influenced the development of peer
support services was an alternative model of recovery that was used to define health and
wellbeing [59]. Prior to the emergence of the consumer movement, the prevailing model of
recovery was the biomedical model [67]. This model framed recovery objectively and
conceptualised health as a state to which a person could be returned after the symptoms of
illness had been eliminated (clinical recovery) [68, 69]. Since the rise of the consumer
movement and with the increasing use of peer workers in mental healthcare, a second model
has gained traction [59]. In contrast to the medical model, in which recovery is framed as
‘recovery from’ mental illness, the consumer model frames recovery as ‘recovery in’ mental
illness [70]. In the consumer model, a greater emphasis is placed on helping a person to reach
meaningful self-defined goals, as well as supporting hope, empowerment and social
connection (personal recovery) [69, 71]. This model has attracted criticism from some
clinicians for lacking a theory-driven approach [72]. Measures of personal recovery developed
with consumer input, such as the Recovery Assessment Scale [73], have been found to
correlate with self-esteem, self-empowerment, quality of life, symptoms, and positive
relationships with social support [74]; but generally not with traditional clinical measures or
recovery or functioning [75] such as the Health of the Nation Outcome Scales [76].
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While the origins of peer support are strongly associated with the consumer model of
recovery, it is not necessary for a participant to adopt the recovery model in order to
participate in a peer-support group, particularly in online support groups that are freely and
publically accessible. A person may adhere to a belief in either the consumer or the clinical
model of recovery, or neither [77]. This distinction between the two models is of more than
theoretical interest. The findings from the current thesis [78] suggest that the historical [61]
and ongoing [72] tension between the two models may be reflected in the social dynamics of a
mental health peer-support group which in turn may affect the nature of participation in these
groups.
The evidence regarding the effectiveness of face-to-face peer support is promising, but mixed
and not of high quality. A systematic review of randomised controlled trials involving peer
support in community mental health services observed different findings across the three
types of peer support [56]. For mutual help, low-grade evidence suggested there are positive
effects on quality of life and empowerment, and a reduction in symptoms of depression and
anxiety [56]. For consumer-run services, low-grade evidence suggested that there are positive
effects for self-reported recovery and hope [56]. For consumers as mental health providers (as
compared with standard care), no evidence of positive effects was observed [56]. Five previous
systematic reviews have found more positive results [79-83]; however, these reviews all
included low-quality trials. In general, the findings of studies on peer support are regarded as
promising, but require further high-quality research.

1.2.4 Peer support on the Internet
The prevalence of participation in online health-related peer support has become increasingly
common over recent decades. A survey of 9,187 people in the USA, conducted in 2003, found
that the lifetime prevalence of participation in an Internet support group was 1.5%. A survey
of 3,001 people in the USA in 2011 found that 18% of Internet users overall and 23% of
Internet users with a chronic health condition had searched online in the last year to find other
people with similar health issues [1]. A survey in 2013 found that 8% of all Internet users had
actively engaged in peer-support groups by either posting a question or sharing information
based on their personal health experience [2]. A 2016 survey of 2,670 people found that 78%
of newly diagnosed patients reported searching for information or support from people online
[84]. The 2003 survey found that mental illness was the most frequent health condition for
which people were seeking online peer support, ahead of stroke, diabetes, cancer and arthritis
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[85]. It has been suggested that the higher usage of online peer support for mental illness may
be attributable to the stigma associated with mental illness [86].
With the emergence of social media as a prominent communication platform, online healthrelated peer support now exists in many different formats and is characterised by substantial
heterogeneity [87]. In addition to the many stand-alone Internet support groups, increasingly
large numbers of supportive communities and person-centred networks have developed
organically in social media channels, such as in Facebook groups [88], around Twitter hashtags
[89] and in the comment threads of YouTube channels [90] and blogs [91]. In addition, entire
social network platforms have been designed for consumers to record their daily illness and
treatment experiences, e.g. Patients Like Me [92]. Some of these communities are moderated
and managed by professionals, consumers or a combination of the two, but many are not
moderated. A consensus on the nomenclature for these groups has not yet been clearly
established. Generally, Online Health Community (OHC) is used as the most broadly
encompassing term to describe any digital social network sharing health-related information
and the term Internet Support Group (ISG) is used to describe a website, such as a forum,
bulletin board, chatroom or newsgroup, dedicated specifically to peer support for a certain
health condition.
Most research to date has focused on ISGs. Despite differences in structure and functionality,
fundamentally ISGs and OHCs comprise online social networks. It is therefore possible that
evidence about ISGs can inform the broader field of OHCs and vice versa. However, at this
stage, it is not clear. Therefore the studies in the current thesis focus on systematically
investigating participation in one format, an ISG, for which the applicability of the findings to
other formats may be investigated by future research. ISGs present a convenient means to
analyse interpersonal interactions because, in contrast with face-to-face groups, the data is
automatically collected by the operating software of an ISG. This allows for the use of
innovative methods of analysis that are systematic, scalable and replicable.

1.2.5 Mental health Internet support groups
There are two main streams of research on Mental Health Internet Support Groups (MHISGs).
One research stream is focused on investigating the efficacy of MHISGs [10] and the other on
the nature of MHISGs such as the characteristics of users and the content of their interactions
[4].
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1.2.5.1 Efficacy. Two systematic reviews of ISG efficacy, both of which reported on depressive
symptom reduction, concluded that there was not, at the time of the reviews, sufficient
evidence to indicate positive effects [9, 10]. A systematic review of MHISGs for young people
reached a similar conclusion [93]. Some researchers question the validity of randomised
controlled trials (RCTs) to investigate the efficacy of ISGS, asserting that the interventions in
such studies lack the therapeutic components of a ‘real’ ISG [94]. However, since the
publication of the two systematic reviews of adult ISGs, an RCT involving an MHISG that was
established for research has found evidence of its efficacy for symptom reduction [95, 96]. The
MHISG in this trial was modelled on the MHISG used in this thesis (BlueBoard), but throughout
the study it was not visible or accessible by BlueBoard users. It was closed to all but the study
participants. Moreover, unlike BlueBoard, research participants were given instructions on
how to participate including engaging in mutual support by writing four posts per week on
different topics each week for 12 weeks. This included topics such a ‘What helps? Who helps?’,
‘General chit chat’, and views on anti-depressants and psychological therapies [95]. Relative to
participants in an attention-control condition comprising a health-information website, no
significant difference was found at post-test. However, at 6- and 12-month follow-ups, MHISG
participants were found to have significantly lower depressive symptom severity relative to
control group participants.
Recently, a randomised trial evaluated the impact of directing people who self-reported
mental illness to participate in a fully-mature MHISG (Psych Central) compared with direction
to participate in an expressive writing activity. There was no evidence that the MHISG was
more effective than the expressive writing in reducing depressive and anxiety symptoms.
Reductions in both groups were similar to those observed in no-intervention control groups
reported in a meta-analysis of computer-based mental health treatments. In attempting to
interpret this finding in the context of previous positive trials and the broader literature on
MHISGs, including their growing popularity, the authors referred to this finding as ‘paradoxical’
and concluded that directing people to participate in MHISGs could not be recommended [97].
Beyond clinical efficacy, it is thought that MHISGs, like face-to-face peer support groups, have
the potential to yield outcomes that align with the consumer model of recovery, for example
by empowering participants to take a more active role in their recovery by fostering a sense of
hope, self-control, confidence and independence [98]. It is therefore common for ISGs to be
provided in conjunction with other psychoeducational and therapeutic Internet interventions
with the aim of promoting engagement [99]. The aforementioned trial involving a depression

12

ISG modelled on BlueBoard found that participants of the depression ISG had a significantly
higher sense of empowerment at post-test and self-esteem at a 12-month follow-up relative to
participants in the control condition [100]. Other studies have surveyed participants and
compared the responses of people who actively participate (i.e., post) versus those who ‘lurk’
(i.e., only read posts). It has been found that active participants report more benefits of
participation than people who lurk, including emotional support, helping other consumers,
expressing their emotions [101] and greater social wellbeing [102]. However, such differences
might reflect pre-existing differences between active and passive participants rather than a
differential effect of passive versus active exposure.
1.2.5.2 Nature. A broad range of research studies have documented the nature of MHISGS.
There has been one systematic review of studies concerning the nature of depression ISGs [4].
It reported that most studies in this field have been descriptive and predominantly focused on
describing the characteristics of users, the types of content comprising their interactions and
site-usage statistics. The review concluded that research in this area has typically relied upon
data sourced from surveys or manual content analyses highlighting the potential bias of such
findings given selection effects associated with the methodology. The authors recommended
that studies use data collected at the point of registration in order to provide higher-quality
findings regarding user characteristics.
The above review found that users were most commonly consumers who were currently
experiencing depression, aged in their mid-20s to 40s and that there was mixed evidence for
gender composition [4]. Two studies in this review reported that the majority of survey
respondents scored above the cut-off for depression on the CES-D (1–2 months after joining
the group) [103] or had current major depression as measured by the Major Depression
Inventory [104] and reported that they had received a diagnosis of depression [103]. Use of
treatments and services was found to vary between 26% of depressed users [104] to 92% of all
users [103]; 36% reported that participation in the ISG had been a catalyst for formal helpseeking [104]. More recently, a survey of users across a range of MHISGs has produced similar
findings [105]
Studies of users’ post content have predominantly used pre-formulated coding schemes to
identify the prevalence of various types of social support or other types of content such as
requests for help [4]. The authors of the systematic review observed that differences between
the coding schemes used in different studies made it difficult to synthesise results across
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publications but concluded that it was clear that posts comprising emotional support (mean
across studies = 34%) and information support (mean = 26.2%) were common [4]. Findings
from a singular study identified that experiential knowledge (14%) and self-disclosure (50.6%)
were also common, but that only a minority of posts contained requests for help (13%) and
second-hand professional knowledge (3%) [57]. One other study reported that almost a
quarter of posts involved social companionship (e.g. chit-chat) content [106]. There is
evidence that relative to ISGs for other health conditions, depression ISGs contain more
content comprising emotional support, less informational support and less content about
medical treatments and procedures [107]. More recently, an analysis of BlueBoard post
content following an inductive approach investigated user-perceived advantages and
disadvantages of participation [108]. Positive personal change in terms of emotional, cognitive
and behavioural effects were the most common (74.0% of statements), followed by valued
social interactions (65.3% of statements). Content included all posts in the MHISG sampled
consecutively for three months and is therefore likely to have over-represented the views of a
minority of high-contributing users.

1.2.6 Active participation in mental health Internet support groups
Active participation, as opposed to passive participation, is any activity in the group that is
visible to others. Passive participation involves viewing without contributing. In accordance
with the power law that describes the distribution of engagement, the number of people
participating passively far exceeds the number of people participating actively. The current
research is focused solely on active participants.
A systematic review conducted at the outset of this thesis (Chapter 2) analysed studies on the
nature of active participation (participation styles) in an MHISG. Since very few studies have
been conducted on MHISGs, this review of participation styles was expanded to include all
online health communities. There are three aspects of any user’s active participation in any
online health community: activity, network connectivity and content. Activity refers to the type
of act performed by a user (e.g. writing a post, starting a thread or commenting on another
user’s post). Network connectivity refers to whom the activity was directed or with whom it
was shared. Content refers to the type of content that was included in the activity, that is,
what was written. The majority of studies on MHISGs used one-dimensional measures of
participation, particularly activity-based metrics, as measures of engagement. None of the
studies identified by the systematic review proposed an overall model for the nature of
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participation, other than those which reported that the distribution of engagement could be
grouped by a rule of thumb known as the 90-9-1 principle [13], illustrated in figure 1.1, in
which 90% of users are labelled ‘lurkers’, 9% ‘contributors’ and 1% ‘superusers’. In fact, as
demonstrated in the study reported in Chapter 3, this activity is better characterised by a
power law, referred to as Zipf’s law [12], and a better fit of the distribution to Zipf’s law may
reflect a greater cohesiveness of the community [12].

Super user (1%)

Active

Contributor (9%)

Passive
Lurker (90%)

Figure 1.1. The 90-9-1 principle of active participation in an online community reproduced
from Nielsen et al. [15].
There is, however, one model of active participation in an MHISG [109] that was not included
in the Chapter 2 systematic review as it did not fulfil the study inclusion criteria, being based
on a cross-sectional self-report survey rather than on data from an empirical study of the
participation itself. The model, referred to as ‘the membership life-cycle’ [109] and illustrated
in figure 1.2, describes universal stages through which users traverse during their membership.
It describes all users as ‘distressed newcomers’ who become either ‘active help receivers’ or
‘passive followers’, followed by ‘relieved survivors’ who either leave as ‘exiting quitters’ or go
on to become ‘active help providers’ for other users. The cross-sectional survey that was the
basis for this model included respondents from 16 different depression ISGs of whom 40% had
been members for over a year [109]. The study found significant correlations between longer
membership duration and stronger endorsement of statements about benefits of
participation: ‘I cope with the depression better’, ‘I am more capable in dealing with daily
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tasks’ and ‘I can be of help to others’. The credibility of this model is limited by the potential
for selection bias in the survey and the lack of direct, longitudinal observation of user
participation. It is underpinned by an assumption that MHISGs may be effective only through a
single mechanism of action, although there is no evidence for this. Thus, there is a clear need
to undertake research to generate empirical data to investigate the validity of such
assumptions and to generate an accurate model of MHISGs.

Active Help
Receivers

Active Help
Providers

Distressed
Newcomer

Relieved
Survivors
Passive
Followers

Moving-on
quitters

Figure 1.2. The membership life-cycle model in a depression Internet support group
reproduced from Nimrod et al. [109].

1.3 The current research
1.3.1 Aims and overview of the studies in the thesis
The current research comprises a series of exploratory studies which aimed to address
fundamental gaps in extant knowledge regarding participation in MHISGs. The work aimed to
both document in detail the nature of active participation by the MHISG user community, and
to extend the current research on engagement to investigate participation inequality and its
association with user characteristics, support group network connectivity and post content.
The specific questions addressed by the work in the thesis are summarised in box 1.1 below.
The systematic review (Chapter 2 [11]) sought to document the current state of knowledge
about the elements of active participation, with the exception of user characteristics (e.g.,
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demographic status), a factor that has been addressed by a previous systematic review [4].
Thereafter, each of the empirical studies included in the thesis (Chapters 3-7) addressed one or
more aspects of participation. With the exception of Chapter 3, the empirical studies are
similar in structure. Firstly, each study investigates the target aspect of participation for all
active users combined. Each study then examines whether users differ as a function of their
level of engagement. As the overall investigation unfolded, the designs of consecutive studies
were informed by findings from previous studies. Linking statements in the form of forewords
to each chapter explain this development. To avoid duplication, the paragraph which follows is
restricted to a descriptive overview of the content of each chapter and study.
The first empirical study [12], presented in Chapter 3, investigated user activity and provides a
context for the subsequent empirical work. The aim of this study was to clarify and
mathematically refine the description of the distribution of engagement that had been
previously assumed to follow a broadly specified rule of thumb. Chapter 4 presents a study
involving an analysis of BlueBoard usage and users characteristics [110]. This included an
analysis of the association between user characteristics and user activity to determine whether
higher-engaged users differed from lower-engaged users in their demographic characteristics.
Chapter 5 presents the findings from of an analysis of the network connectivity of users using a
modularity algorithm to determine sub-groupings of users in the BlueBoard community
structure [111]. A further analysis was undertaken to determine whether membership in the
modules (sub-groups) was associated with commonalities in the user’s characteristics, and
whether higher usage was systematically associated with the characteristics that defined these
commonalities. In Chapter 6, the content of posts across the entire forum was modelled with a
machine-learning algorithm to determine if there were systematic differences between the
content of posts written by higher- compared to lower-engaged users, and whether this
changed when higher-engaged users were communicating with other users as opposed to
between themselves [78]. In Chapter 7, user characteristics were revisited using a qualitative
analysis to investigate the content of user’s initial posts to determine if there were systematic
differences apparent in the way that users presented themselves.
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Box 1.1: Research questions
RQ 1: In what ways has participation previously been defined and measured in an MHISG,
and other online health communities? (Chapter 2)
RQ 2: What is the mathematical distribution of engagement as measured by posting
frequency among active users in an MHISG? (Chapter 3)
RQ 3
a:

What are the characteristics of BlueBoard users? (Chapter 4)

b:

Are there systematic differences in the characteristics of users with different levels of
engagement? (Chapter 4)

RQ 4
a:

Are there sub-groups (modules) within the BlueBoard community structure that
comprise users who communicate with each other relatively more frequently than
with other users? (Chapter 5)

b:

Do users within the same sub-group share a higher degree of common characteristics,
including posting frequency in disorder-specific forums, than would be expected by
chance? (Chapter 5)

c:

Within each sub-group and with respect to the previously ascertained common
characteristic, are there systematic differences in that characteristic between higherand lower-engaged users? (Chapter 5)

RQ 5
a:

About what topics do BlueBoard users communicate? (Chapter 6)

b:

Are there systematic differences in the degree to which users with different levels of
engagement write content pertaining to each of these topics? (Chapter 6)

c:

Do these differences change when higher-engaged users are communicating with
lower-engaged users as opposed to communicating within their own grouping?
(Chapter 6)

RQ 6
a:

How do BlueBoard users present themselves in their initial post? (Chapter 7)

b:

Are there systematic differences in the way that users with different levels of
engagement present themselves? (Chapter 8)
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Together, these studies aimed to provide a basis for the development of an evidence-based
model of active participation in an MHISG. Through its focus on systematic differences
between higher- and lower-engaged users, this research also sought to provide evidence with
potential implications for community management, the design of future research and the
formulation of policy regarding MHISGs. For MHISG management, the novel methods of
analysis, such as the network modularity algorithm and topic model algorithm, aimed to
provide a perspective enabling visualisation of large-scale participatory patterns that may not
otherwise be apparent to the community managers. Further, this research aimed to provide
information regarding systematic differences between users, particularly those which are
apparent from the outset of their participation that may assist in the tailoring of service
delivery strategies that are optimised for individual differences between users. With respect to
future research, the current research sought to provide evidence that might inform the design
of studies seeking to measure the effects of participation to ensure analyses take into account
any differences in patterns of activity between underlying sub-groups which if ignored could
lead to misleading conclusions. Finally, with respect to policy, this research had the potential
to provide a new perspective on the role that is performed by MHISGs in the mental health
sector and highlight opportunities for service delivery innovation. In Chapter 8, the thesis
concludes by presenting a model of active participation and a discussion of implications in
above three domains of practice, research and policy.

1.3.2 BlueBoard
The current research, with the exception of the systematic review in Chapter 2, has been
conducted using data from the MHISG BlueBoard. BlueBoard was established by the Centre for
Mental Health Research at the Australian National University to operate as an MHISG with
informed consent built into the registration process and human research ethics clearance so
that all data collected from the activities of participants could be used for research purposes.
BlueBoard was first established in 2003 as a mood disorder group. It was closed in 2007 and
2008 due to lack of funding and re-established on 1 October 2008, but closed again on 30 June
2016 with the retirement of its founder. Data for the current research included all posts
generated between 1 October 2008 and 23 May 2014 (131,004 posts made by 2,934 users)
and the characteristics of users recorded during registration (age, gender, location and status
as either consumer, carer or other).
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BlueBoard was moderated by consumers who were trained and supervised by a registered
psychologist. Moderators did not actively participate in any of the forums. Rather they
enforced rules (e.g., by editing posts to remove any personally identifying information or
inappropriate content such as discussion of suicide methods) in order to manage risk and
maintain a safe environment for users. Moderators alerted the responsible user via a private
notification. General notices and other informational posts (352 posts made by 10 moderators)
were removed from all analyses.
BlueBoard comprised 10 forums in which users communicated about a range of mental health
issues, including: eight condition-specific forums (Depression, Bipolar Disorder, Generalised
Anxiety, Social Anxiety, Borderline Personality Disorder, Eating Disorder, Panic Disorder and
Obsessive Compulsive Disorder); one forum dedicated to carers of people with mental health
issues; and one forum for general discussion. All forums were created on 1 October 2008 with
the exception of the Obsessive Compulsive Disorder, Borderline Personality Disorder and
Eating Disorder forums which were added on 1 June 2009, 1 March 2010 and 30 July 2012
respectively. These additional forums were created in response to requests from users.
BlueBoard users comprised members of the general public. Advertising of BlueBoard occurred
mainly via links from online mental health information hubs such as bluepages.anu.edu.au and
other depression websites. Following the establishment of BlueBoard, postcard flyers were
mailed to general practitioners for display in waiting rooms. Postcards were also distributed at
professional conferences. BlueBoard was delivered on the vBulletin platform which included
features similar to other ISGs such as the ability to quote other users in posts and the provision
of user information (total posts and registration date) displayed beside the username of each
post. It did not include labels for users recognising different levels of contributions to the
forum. In addition, to preclude users exchanging contact details and posting prohibited and
potentially inappropriate links and immediately deleting them, the editing facility was not
available to users and the script underlying the platform was modified to prevent users from
inserting hyperlinks.
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Chapter 2
Foreword
Chapter 2 comprises a systematic review of studies that have investigated participation in an
online health community.
Initially, the purpose of this study was to identify what is and what is not currently known
about active participation in MHISGs. However, during the early and informal stages of
conducting the systematic review, it became clear that there was little research pertaining to
MHISGs specifically. This prompted the expansion of the scope of the review to ISGs for any
health condition with the objective of investigating similarities and differences among
participation styles across and within support groups for different health conditions and to
provide a context for the subsequent empirical investigation of MHISGs in this thesis.
The review was designed to address the following question:
RQ 1: In what ways has participation previously been defined and measured in an MHISG, and
other online health communities?
The review was limited to studies which demarcated a sub-group of users by one or more
metrics (referred to as styles of participation). Studies that employed qualitative analyses were
included provided that they employed a method of categorising users that could be
operationalised by other researchers.
The direction of the empirical studies in this thesis was informed by the two salient findings of
the review. These were that:
(i)

active participation has been classified in many different ways. For example,
machine-learning classifiers have been developed to identify ‘leaders’ and
‘influential users’, and algorithms have been designed to identify an optimal
subset of ‘key players’ for maximum dissemination of information across a
network; and
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(ii)

active participation has most commonly been classified by level of engagement as
operationalised by posting frequency, often with the assumption that higher
posting frequency defines users of the greatest value to the community.

Both findings have implications for future MHISG research. First, they demonstrate that there
are many promising means for classifying and investigating participation in ISGs which have
not yet been applied to the field of mental health. Secondly, although post frequency has been
the most commonly used metric of engagement, little is known about the factors associated
with this metric. For example, prior to the empirical studies in this thesis, it was not known if
high- and low-frequency MHISG posters differ in their personal characteristics, patterns of
social network connectivity and biases in the type of content they contribute, or if the
contributions of the two groups are characterised by the same style of engagement and differ
only in quantity. Given that such evidence may improve our understanding of the utility of post
frequency as a metric, the empirical studies in Chapters 4-7 were designed to investigate this
issue.
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Abstract
Background: Understanding how people participate in and contribute to online health communities (OHCs) is useful knowledge
in multiple domains. It is helpful for community managers in developing strategies for building community, for organizations in
disseminating information about health interventions, and for researchers in understanding the social dynamics of peer support.
Objective: We sought to determine if any patterns were apparent in the nature of user participation across online health
communities.
Methods: The current study involved a systematic review of all studies that have investigated the nature of participation in an
online health community and have provided a quantifiable method for categorizing a person based on their participation style. A
systematic search yielded 20 papers.
Results: Participatory styles were classified as either multidimensional (based on multiple metrics) or unidimensional (based
on one metric). With respect to the multidimensional category, a total of 41 different participation styles were identified ranging
from Influential Users who were leaders on the board to Topic-Focused Responders who focused on a specific topic and tended
to respond to rather than initiate posts. However, there was little overlap in participation styles identified both across OHCs for
different health conditions and within OHCs for specific health conditions. Five of the 41 styles emerged in more than one study
(Hubs, Authorities, Facilitators, Prime Givers, and Discussants), but the remainder were reported in only one study. The focus
of the unidimensional studies was on level of engagement and particularly on high-engaged users. Eight different metrics were
used to evaluate level of engagement with the greatest focus on frequency of posts.
Conclusions: With the exception of high-engaged users based on high post frequency, the current review found little evidence
for consistent participatory styles across different health communities. However, this area of research is in its infancy, with most
of the studies included in the review being published in the last 2 years. Nevertheless, the review delivers a nomenclature for
OHC participation styles and metrics and discusses important methodological issues that will provide a basis for future comparative
research in the area. Further studies are required to systematically investigate a range of participatory styles, to investigate their
association with different types of online health communities and to determine the contribution of different participatory styles
within and across online health communities.
(J Med Internet Res 2015;17(12):e271) doi:10.2196/jmir.4705
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Introduction
Participation rates of people in online communities are known
to be highly variable with some people contributing much more
than others. Across all types of online communities, the
variability in degree of user participation consistently follows
a pattern [1]. In particular, this pattern in participation is
described by a power law. This power law means, for example,
that the top 1% of participants contribute as much as 75% of
the posts in an online health community (OHC) [2,3]. This
pattern is indicative of a coherent community [2], and these
highly engaged individuals are repeatedly observed in
well-established OHCs [4]. These individuals are of interest.
Their high participation rates and predictable presence suggest
that they may be of particular value to the OHC.
Although post frequency may constitute a simple indicator of
engagement, from post frequency alone it is not possible to
ascertain exactly what ways a person contributes. Post frequency
does not indicate whether a person starts new discussions,
welcomes newcomers, is available at critical times in the day
when people are most likely to need support, or is
knowledgeable about certain topics. In order to ascertain whether
people contribute these different kinds of value, it is necessary
to measure their participation based on various other metrics.
There may be value for those who are involved in the
development of an OHC to identify users who contribute
particular types of value to the OHC. This points to the need
for multiple metrics to define user contributions. For example,
in a qualitative paper on building and sustaining OHCs, Young
described how certain core members were vital to the
development and sustainability of an OHC [5]. As the
community manager from the inception of this OHC, Young
was able to provide an account of the different ways that these
users had contributed to the development of the OHC including
facilitating discussion and fostering a supportive culture. Young
also suggested ways that OHC managers might harness the
contributions of these individuals to help build the community
by, for example, highlighting their best posts or inviting them
to contribute to a community resource such as a newsletter.
For a variety of reasons, including time constraints and size of
the community, not all community managers are able to have
a strong qualitative understanding of the roles of particular
individuals in their OHC. However, community managers would
potentially benefit from a simple operationalization of user
participation in terms of metrics that are automatically collected
in the log data of the OHC software. This would help them to
identify the core members and various other users who
contribute in different ways so that they may apply the
community building techniques recommended by Young [5].
OHCs also provide an opportune setting for interventions that
encourage certain positive health behaviors [6]. Knowing who
the most influential people are in an OHC, or how to reach most
of the community via the smallest subset of people, might inform
dissemination activities such as promoting new evidence-based
treatments or recommending correct use of certain medications.

Finally, there is scientific value in investigating the ways in
which different people participate in OHCs across multiple
contexts. There may be patterns in the way in which people
participate that can be found across multiple different OHCs.
These patterns may help us learn more about the social dynamics
of OHCs and the way that people seek help and provide it to
others.
User profiling by categorizing participation styles is conducted
in studies of online communities more broadly. There are some
roles such as “newbies” and “celebrities” that may be found in
any online community, but most others are likely to be specific
to the type of community [7]. For example, “technical editors”
and “substantive experts” are found in Wikipedia [8], but these
may not be relevant to or found in OHCs. We expect that OHCs
will have high-profile users who are akin to “celebrities,” but
the nomenclature and the metrics used to define these users may
be tailored to the supportive context and health discussion focus
of the community. There may be further similarities and
differences between participation styles in communities of
different health types.
This study seeks to advance this area by conducting a systematic
review of all studies that provide replicable, quantifiable criteria
for categorizing the nature of participation in an OHC. We aimed
to document all participation styles that had been identified to
date and the OHCs from which they came. Our objective was
to determine if any patterns were apparent in the nature of user
participation across OHCs for different health conditions or
within each.

Methods
A systematic review was conducted to identify articles that
investigated participation styles in an online health community.
For the current purposes, an online health community was
defined as any Internet-based platform designed to enable people
to communicate about health issues. A participation style was
defined as any type of engagement with an OHC that can be
measured quantitatively. This does not include simply the
presence or absence of participation (ie, posters and lurkers),
as this has been well documented elsewhere [9], but rather is
aimed at understanding the nature of participation for those who
are actively engaged in the community.

Search Strategy
Three databases (PubMed, PsycINFO, and Cochrane) were
searched for all articles prior to December 2014. Adapted search
terms from Eysenbach et al [10] and Griffiths et al [11] were
used to identify the concept of OHC (see Multimedia Appendix
1). These search terms were combined with the following terms
to identify the participation style concept: (participatory
pattern*) OR (posting pattern*) OR (posting behavior pattern*)
OR (use pattern*) OR (communication pattern*) OR (usage
pattern*) OR (system use*) OR (traffic) OR (participative
stance*) OR (participant contribution*) OR (posting habits*)
OR (participation rate*) OR (posting rate*) OR (user
engagement) OR (level* of engagement*) OR (pattern* of
engagement*) OR (type* of engagement) OR (share
information) OR (community structure) OR (social dynamics).
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In addition, papers from relevant journals and conference
proceedings in the computer and information science field
published since 2005 (including the American Medical
Informatics Association Annual Symposium, Journal of the
American Medical Informatics Association, Journal of the
Association for Information Science and Technology, and
International Conference on Healthcare Informatics) and a new
journal that was not yet indexed at the time of the search
(Internet Interventions) were screened for relevant articles.

Article Selection
A total of 7457 articles were screened. Of these, 3150 were
retrieved from the database search and 4307 were from the
additional journals and conference proceedings. A total of 82

duplicate articles were identified and removed. Relevant articles
were selected through a multistage process (Figure 1). Initially,
titles were screened by 2 raters (BC and KA). Any article that
mentioned an online community or synonym thereof in the title
(or online health community in the case of the Journal of the
Association for Information Science and Technology) was
included. This reduced the number of articles to 158. The
abstracts of these articles were subsequently screened by the 2
raters. Any article that investigated ways that people participate
in an online health community was included. Articles based on
self-report measures of OHC use and research protocols were
excluded. The full articles for the 36 remaining abstracts were
retrieved and read by both raters. Any disagreements between
the raters were resolved by discussion.

Figure 1. Study identification flow diagram: PubMed (PM), PsychINFO (PI), Cochrane (C), Internet Interventions (II), International Conference on
Healthcare Informatics (ICHI), American Medical Informatics Association Annual Symposium (AMIA), Journal of the American Medical Informatics
Association (JAMIA), Journal of the Association for Information Science and Technology (JASIST).

metric that can be used to show they have engaged with the
community.

Inclusion Criteria
The final set of articles included any study that (1) quantitatively
investigated ways that people participate in an online health
community, and (2) categorized users based on any quantifiable
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Exclusion Criteria
Studies that converted written content to quantitative data by a
means that was computerized (eg, machine learning algorithm)
were included, but studies that relied on human interpretation
of written content to create quantitative data were not. This
ensured that the methods identified could be accurately
replicated and would be scalable to large OHCs. For similar
reasons, studies that used self-report data from surveys were
not included. This meant that only studies reporting data that
had been automatically logged by the OHC software or that had
been extracted by programs that crawl publicly available data
were included in this systematic review. Protocol papers, articles
not written in English, and papers on OHCs solely for health
practitioners were not included.
After applying these criteria, a set of 15 papers were included.
The reference lists of included papers and those that cited them
(as per Google Scholar) were hand searched. This yielded an
additional 5 papers, resulting in a final set of 20 included papers.

Coding
The included papers were coded by 1 rater (BC). Each
participation style identified by a paper was listed. Three
attributes of each participation style were coded: (1) the name
used by the authors to describe the participation style, for
example, “superuser,” (2) the metrics used to quantitatively
describe their style of participation, for example, frequency of
posts, and (3) the inclusion criteria used to determine who was
categorized as having that participation style, for example, the
top 1% of users whose frequency of posts was greatest were
deemed to be superusers.

Results
Across the final set of 20 papers, users were categorized into
participation styles a total of 74 times, of which 28 were
duplicates. These duplicates included participation styles that
had been assigned different names by different studies but used
the same metrics and same inclusion criteria (or very similar)
to define them. By merging all these redundant categorizations
into the same participation style, we determined that 44
participation styles had been identified in OHCs to date.

Table 1 [2,3,12-29] shows a summary of information about the
OHCs where the participation styles were identified. Some
studies investigated more than one OHC. In total, there were
26 different OHCs. These were used for a variety of different
health topics including smoking cessation (n=7), cancer (n=6),
mental health issues (n=6), diabetes (n=5), multiple sclerosis
(n=1), and social innovation in health care (n=1). These OHCs
were based in different countries including the United States
(n=8), Canada (n=2), Australia (n=1), Germany (n=1), New
Zealand (n=1), Norway (n=1), Taiwan (n=1), and the United
Kingdom (n=1). The country of origin for 10 OHCs was not
reported. The sample of people drawn from each OHC ranged
in size from 77 to 49,552 people. Most included between 1000
and 10,000 people; however, one group of 5 OHCs included
more than 140,000 people between them. All of the studies were
published in 2007 or later, with 12 of the 20 published since
2013.
Table 2 [2,3,12-29] shows a summary of these types of
participation. Within Table 2, we have grouped participation
styles first into two categories: those based on multiple metrics
(multidimensional) and those based on one metric
(unidimensional). Each of these is also then divided into up to
3 categories according to the predominant type of metric used
to define the participation style: activity-based, network-based,
and content-based metrics. Table 3 [30,31] contains a list of the
metrics and a description of what they measure.
There were 41 participation styles in the multidimensional
category (13 activity based, 11 network based, and 17 content
based). In all instances where a unidimensional participation
style was identified, the studies divided the users into no more
than 3 groups that we have summarized as high, medium, and
low engagement. There were 8 different metrics used in the
high engagement category (5 activity based, 3 network based),
3 in the medium category (2 activity based, 1 network based),
and 4 in the low category (3 activity based, 1 network based).
The results of each subcategory of participation style (content
based, network based, and activity based) are described in turn
for the 41 multidimensional participation styles. Following this,
the results of the unidimensional participation styles are
described together for each of the 3 participation styles
identified.
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Table 1. Summary of online health community characteristics.
Online health community name

Year of study

Health condition

Country

Sample size, n

SOL-Cancer Forum

2007 [27]

Cancer

Not reported

84

Cancer Survivors Network

2014 [22,23]

Cancer

United States

27,173

Cancer Compass

2011 [28]

Cancer

United States

7991

WebChoice

2013 [13]

Cancer (breast and prostate)

Norway

103

Breastcancer.org

2014 [29]

Cancer (breast)

United States

49,552

Cancer Compass

2010 [17]

Cancer (melanoma)

United States

851

Diabetes

Not reported

>140,000

Five unnamed forums in English and 2013 [14]
Spanish
BlueBoard

2014 [2]

Mental health

Australia

2932

DepressionCenter

2014 [3]

Mental health (depression)

Not reported

5151

PanicCenter

2014 [3]

Mental health (panic disorder)

Not reported

11,372

AlcoholHelpCenter

2014 [3]

Mental health (problem drinking)

Not reported

2597

PTT.CC—Psychosis Support Group

2009 [26]

Mental health (psychosis)

Taiwan

438

SharpTalk

2011 [19]

Mental health (self-harm)

United Kingdom

77

Deutsche Multiple Sklerose
Gesellschaft

2014 [20]

Multiple sclerosis

Germany

1169

The Canadian Cancer Society’s
Smokers’ Helpline Online

2012 [21]

Smoking

Canada

1670

QuitBlogs

2014 [18]

Smoking

New Zealand

3448

Alt.Support.Stop-Smoking

2014 [25]

Smoking

Not reported

8236

QuitPlan

2008 [12]

Smoking

United States

233

QuitNet

2010 [15]

Smoking

United States

7569

2013 [16]
StopSmokingCenter

2012 [21]

Not reported
Smoking

United States

2014 [3]
#HCSMCA

2013 [24]

44,870
Social innovation in health care
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Table 2. Summary of participation styles including name, metrics, and inclusion criteria.
Name

Metrics

Inclusion criteria

Influential user [23]

69 activity, network, and content features including
influential responding replies

Machine learning classifier (relying initially on expert
judgement to identify exemplars)

Leader [22]

68 activity, network and content features

Machine learning classifier (relying initially on expert
judgement to identify exemplars)

Opinion leader [16]

Word vectors, degree

Latent semantic analysis and high degree

Multidimensional
Content based

Information providers [29] Social support type

High information support

Community builders [29]

Social support type

High companionship support

Emotional support
providers [29]

Social support type

High emotional support

Information seekers [29]

Social support type

High information support seeking

Emotional support seekers Social support type
[29]

High emotional support seeking

Information enthusiasts
[29]

Social support type

High information support seeking, high information support

All-around contributors
[29]

Social support type

No particular metric stands out

Balanced source user [20]

Source of information

Cited information from a range of sources

Social media fan [20]

Source of information

High social media

Organization follower [20] Source of information

High organizations

Homepage promoter [20]

Source of information

High static informational websites

Seeker of health care [20]

Source of information

High health practitioners

User of uncommon sources Source of information
[20]

High uncommon sources

Sophisticated contributor
[20]

Word count, source of information

High word count, high academic references

Key player [15]

Degree (nonredundant)

Key Player 1.4 software

Hub [14,17,28]

Out-degree, in-degree

Hyperlink-induced topic search algorithm

Authority [14,17,28]

Out-degree, in-degree

Hyperlink-induced topic search algorithm

Facilitator [17,28]

Out-degree, in-degree

Hyperlink-induced topic search algorithm

Trusted user [14]

Out-degree, in-degree

PageRank algorithm

Help-seeker [14]

Out-degree, in-degree

Low in-degree, high out-degree (within the scope of the edge
between 2 users)

Star [27]

Out-degree, in-degree

Top ranked individual (outlier)

Prime givers [14,27]

Out-degree, in-degree

Very high out-degree, high in-degree

Serious members [27]

Out-degree, in-degree

Moderate out-degree, moderate in-degree

Moderate users [27]

Out-degree, in-degree

Low out-degree, low in-degree

Takers [27]

Out-degree, in-degree

No out-degree, low in-degree

Caretaker [19]

Time logged in, episodes, reading, posting, thread
initiation

High time logged in, low episodes, high reading, low posting,
low thread initiation

Here for you [19]

Thread initiation, posting, forum

Low thread initiation, high posting in support forum

Butterfly [19]

Time logged in, episodes, posting, forum

High time logged in, high episodes, high posting in support
forum

Network based

Activity based
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Metrics

Inclusion criteria

Crisis-oriented individual
[19]

Posting, forum

High posting in support forum

Discussant [19,20]

Thread initiation, posting, forum

High thread initiation, high posting in discussion forum

Average user [20]

Thread initiation, posting, forum, topic, days active, No particular metric stands out
word count, source of information

Highly active relational
poster [20]

Posts per day, thread participation, thread initiation

High posts per day, high thread participation, low thread
initiation

Topic-focused responder
[20]

Thread initiation, posting, topic, days active

Low thread initiation, low posts per day, high fraction of
topic-related posts, low days active

Topic-spammer [20]

Posting, days active, word count, topic, source of
information

Low days active, high posting, low word count, high fraction
of topic-related posts, low references

Long-term high-activity
users [25]

Days active, posting

High days active, high posting

Short-term high-activity
users [25]

Days active, posting

Low days active, high posting

Short-term low-activity
users [25]

Days active, posting

Low days active, low posting

Long-term low-activity
users [25]

Days active, posting

High days active, low posting

Posting

>2 posts [12]; top 1% of users [2,3]; top 10 users [24]; >180
posts [18]; top 100 users [21]

Reading

>5 posts [12]

Time logged in

Top 33.3% of users [13]

Thread initiation

Top 100 users [21]

Thread participation

Top 100 users [21]

Unidimensional
Activity based
High-engaged user

Network based

Moderate-engaged user

Friendship

Mutual friend nomination between 2 users and >4 interactions between them [15]

In-degree

Top 10 users [24]; high in-degree [26]

Out-degree

Top 10 users [24]; high out-degree [26]

Posting

2-10 percentile (9%) of users [2,3]

Time logged in

Middle 33.3% of users [13]

Network based

Low-engaged user

Friendship

Friend nomination of another user and >0 interactions with
them [15]

Posting

1-2 post [12,18]; bottom 90% of users [2,3]

Reading

1-5 posts [12]

Time logged in

Bottom 33.3% of registered users [13]

Network based
Friendship

Any interactions with another user [15]
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Table 3. A description of the mtrics used to classify participation styles.
Metric

Description

Activity-based metrics: measure the individual actions taken by users in an OHC
Posting

Number of posts a person has made in the OHC

Time logged in

Amount of time a person has spent accessing the OHC

Reading

Number of posts that a person has read

Thread initiation

Number of times a person has created a thread

Episodes

Number of times a person has accessed the OHC

Days active

Number of days between a person’s first and last post

Forum

Number of posts a person has made in a particular subforum of the OHC, eg, support or discussion

Thread participation

Number of different threads a person has posted in

Network-based metrics: measure the relationship and interactions between users
Degree (in/out)

The number of people a person has communicated with. Where it is possible to tell who the source of the communication
was and to whom it was directed, the number of people a person has made outgoing communication with is called the “outdegree” and the number of people that a person has received communication from is called the “in-degree.” When it is not
possible to tell the direction, the communication is counted for both people as a measure of degree. Degree is considered to
be a measure of a user’s centrality in a network [30,31].

Friendship

The extent to which a person is connected with at least one other person in the OHC as defined by 3 thresholds: Low—any
interactions with another user; Moderate—friend nomination of another user and >0 interactions with them; and High—mutual friend nomination between 2 users and >4 interactions between them.

Content-based metrics: measure the nature of the content within posts
Word vectors

A representation of the proportion of words in a message that fit a certain topic.

Influential Responding Replies

Number of posts a person has made that have influenced the sentiment of the thread initiator

Social support type

Number of posts a person has made that either provide or seek information support, emotional support, or companionship

Topic

Number of posts a person has made which included subject matter on a specific topic

Source of information Number of citations a person has made from a particular source
Word count

Number of words in a post

Multidimensional

possible in the 150 influential user condition was 84.0%
(126/150).

Content-Based

Opinion Leaders

Leaders and Influential Users

Myeni et al [16] used latent semantic analysis to identify users
who were involved in discussion about particular concepts such
as personal experiences, advice, or adherence to interventions.
Users whose mean word vector scores for a concept were one
standard deviation above the sample mean were grouped
together in a social network. Within each theme-based social
network, Opinion Leaders were identified as people who had
the highest degree. These people were considered to be
influential in their specific domain and may be particularly
useful to identify when delivering relevant targeted
interventions. Subsequent research has shown that exposure to
users who were abstinent from smoking in the theme-based
networks of “social support” and “traditions” were more likely
to be abstinent themselves [32].

Zhao et al [23] created a machine learning classifier with 69
metrics that was used to identify influential users in an OHC.
These users were regarded as leaders who could influence the
emotional sentiment of other users. This study built on previous
research by Zhao et al [22], which used 68 metrics such as
number of posts, in-degree, and days active in a classifier to
first identify leaders in the OHC. Zhao et al [23] then created a
metric called “influential responding replies (IRRs).” This was
the number of times a person was able to affect the sentiment
of another person when responding to their initial post. It was
found that this metric alone outperformed the classifier with 68
metrics, and together they created the best performing classifier.
In order to train this IRR-enhanced classifier, it was necessary
to have a list of users who were deemed to be influential users
by moderators of the OHC. There were 41 users in this list. In
total, the moderators identified 126 influential users. A list of
the top 50, 100, and 150 influential users identified by the
classifier was made up with 90%, 77.7%, and 68.7% users from
the moderator list of 126 respectively. The highest percentage

Information Providers, Emotional Support Providers,
Information Support Seekers, Emotional Support Seekers,
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Community Builders, Information Enthusiasts, and
All-Around Contributors
Wang et al [29] created a machine learning classifier to
determine which posts in a cancer OHC with more than 2.8
million posts contained each of the following types of content:
providing informational support, providing emotional support,
seeking informational support, and seeking emotional support
and companionship. The authors then used a k-means clustering
algorithm [33] to categorize all users based on the proportion
of posts they made with each type of content. This produced 7
types of users. Five were typified by writing a high proportion
of posts that predominantly contained one type of each of the
above 5 content types. The remaining two, information
enthusiasts and all-around contributors, were typified by having
equally high proportions of posts seeking and providing
informational support, and having equal amounts of all types
of content, respectively. The all-around contributor was the
most common type of user of all 7 (making up 32% of all users).
Community builders were among the least common (8%) but
were responsible for writing the most posts on average along
with all-around contributors. Those who primarily engaged in
informational and emotional support types posted less and did
not remain in the forum as long as community builders and
all-around contributors.
Balanced Source User, Social Media Fan, Organization
Follower, Homepage Promoter, Seeker of Health Care, and
User of Uncommon Sources
Sudau et al [20] observed that people tend to favor different
sources of information to support the points that they make in
posts. A number of participation styles represent this bias. In
order to determine these participation styles, Sudau et al used
a k-means clustering algorithm [33] to form 6 groups of similar
users based on the frequency of different hyperlinks they used
from 8 domain classes. The groups were labeled according to
what Sudau et al thought best described their referencing
tendencies.
Sophisticated Contributor
A sophisticated contributor is a user whose posts are longer than
those of the average user participation style and contain more
references. In contrast to the activities of most users, these
references are more often to scientific publications than to social
media sources. Sudau et al [20] identified this participation style
in 4 of 171 users. Sophisticated contributor posts were three
times as long and contained five times as many references as
posts by Average Users.

Network Based
Key Players
Cobb et al [15] sought to identify a set of users who were
maximally connected to other users throughout the social
network of the OHC. A set of key players is a small group of a
specified number of users who are connected with as many other
people in the network as possible, for example, through private
message, posting, or friendship. Cobb et al used Key Player 1.4
software [34] to determine the reach of a set of 50 key players.
These 50 key players were connected to 64% of other users in
the network. Note that these are not necessarily the 50 most

connected individuals in the OHC; that is, they are not the top
50 users ranked by degree. Rather, the algorithm considers
redundancy. If introducing a new key player to the set does not
increase the set’s overall reach, that player is not added. The
optimum key player set of 50 users may not necessarily contain
all the users in the 49 set nor will either necessarily contain the
user who, as an individual, is the most connected person in the
network. The intention of the algorithm is to enable maximum
access to the whole network through minimal nodes. This, for
example, enables maximum efficiency in dissemination of
information.
Hubs, Authorities, and Facilitators
Hubs and authorities are concepts borrowed from the computer
science literature on the Web. Hubs and authorities are identified
using the hyperlink-induced topic search (HITS) algorithm [35].
In this algorithm, every website receives both a hub and an
authority score. High-scoring authorities are websites that are
linked to high-scoring hubs. High-scoring hubs are websites
that link to high-scoring authorities. Websites with high
authority scores tend to those that provide good information on
a specific topic. Hubs direct people to these various authorities.
The algorithm can be applied to any network consisting of nodes
and links between them by analyzing the pattern of out-degree
and in-degree across the network. Accordingly, both Chomutare
et al [14] and Durant et al [17,28] have used the HITS algorithm
to identify people in OHCs as authorities and hubs. The 3 papers
have posited that those identified as hubs are people who
disseminate information by promoting discussion. They have
a relatively high out-degree in the network compared with their
in-degree. They are important for sustaining the activity levels
of the community. Authorities are people whose opinion is
highly respected in the community. They have a relatively high
in-degree. A third participation style—a facilitator—was also
proposed by Durant et al [17]. A facilitator is a person who is
ranked similarly highly as a hub and as an authority. They are
considered to be more effective for sustaining communication
in the OHC than those who are hubs or authorities alone. Durant
et al [28] sought to track the presence of facilitators over time
by segmenting and analyzing the network each year over an
8-year period and found that the top 5% were rarely the same
individuals in consecutive years.
Trusted Users
Similar to the HITS algorithm, the PageRank algorithm [36] is
another method originating in the computer science literature
on the Web. Rather than identifying 2 types of users, the
PageRank algorithm identifies one type. The score given to each
node in the network by the PageRank algorithm is the probability
of arriving at that node given a random walk around the network
via the links between them. This means that nodes that are linked
to more often have higher probabilities of being landed on, and
nodes that are linked to more often by other high-scoring nodes
have even higher scores. If it is assumed that a directional link
between 2 nodes is a vote of support to the other, this algorithm
identifies trusted users. This algorithm was the basis for Google
search. Chomutare et al [14] have applied it to an OHC and
have made the same assumption. They found that 6 out of 10
of the highest ranked users by in-degree were also in the top 10
identified by the PageRank algorithm.
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Help-Seekers

Butterfly

In a relationship between 2 people where one communicates
with the other much more often, the person who instigates more
communication (higher out-degree than in-degree) is labeled a
Help-Seeker. Chomutare et al [14] suggested that this pattern
of metrics might reflect a person who is struggling with their
health issue. However, the authors noted that the nature of the
help-seeking is not exactly clear as the user may either be
strongly motivated to engage in self-care or they may be a
particularly needy user, and neither can be concluded without
content analysis. The authors originally suggested the label
“needy user” for this participation style, but we have renamed
it “help-seeker” given the ambiguity and lack of clarity around
the concept of needy in this context.

Another user in the Jones et al [19] sample was classified as
being characterized by a butterfly participation style. This person
logged in many more times than anyone else. They spent short
amounts of time checking out a few pages and then logged out
again. They posted mostly in the support forum (as opposed to
the discussion forum or off-topic forum). Like the crisis-oriented
individuals in the following section, they were considered by
the moderators to be in crisis and needing support as opposed
to providing it.

Star, Prime Givers, Serious Members, Moderate Users, and
Takers
The earliest recorded participation styles were identified by
Bambina [27] who compared the in-degree and out-degree of
users and grouped them around a pattern in the results that was
related to engagement. Bambina first noted one outlier: a person
who had both the highest in-degree and out-degree. Bambina
referred to this person as the “star.” This person provided the
most support to others including notably many new individuals
with whom many others did not communicate. Bambina noted
that the next most engaged people by both in-degree and
out-degree all tended to provide more support than they received,
that is, have higher out-degree than in-degree. These were named
“prime givers” (n=6). Chomutare et al [14] observed the same
pattern in a social network analysis that they conducted, but
they did not report whether it was associated with providing
support. Bambina also noted 2 groups who had relatively similar
in-degree and out-degree within each group. These were the
designated “serious members” (10) and “moderate users” (n=15).
Last was a group labeled the “takers” who never provided
support but who initiated a conversation and received support
from others (n=52).

Crisis-Oriented Individuals
Six users of the Jones et al [19] sample were classified as
crisis-oriented in their participation style. These people posted
in large numbers in the support forum. It is not possible to
confirm from the objective metrics alone whether such people
were in crisis or providing support; however, it was confirmed
by the moderators of the forum that all 6 were indeed in crisis.
These users did not visit the OHC as frequently as the user with
the butterfly participation style.
Discussants
A discussant is a user who is mainly focused on discussion about
health-related topics as opposed to providing or receiving
support. They initiate a high number of threads in the discussion
section of the OHC and participate actively in them. This
participation style was identified by both Jones et al [19] and
Sudau et al [20].
Average Users

Activity-Based

A user type that is not distinctly based on any metric, the average
user category was identified by the application of a second
k-means clustering algorithm conducted by Sudau et al [20].
This analysis was designed to form 6 groups of similar users
based on 9 metrics that measured their active participation in
the community. Sudau et al labeled the groups according to
their distinguishing features. Average users were a group that
were thought not to exhibit any distinguishing features. This
group constituted 63% of the people included in the analysis.

Caretakers

Highly Active Relational Posters

Jones et al [19] identified one user in a sample of 77 people as
having a participation style called the “caretaker.” They
identified this person, as they did for all participation styles,
through visual inspection of scatterplots of various metrics. The
OHC was a support group for young people who self-harm.
Given the large amount of time the person spent logged in, they
actively participated very little. The times they did post were
largely in response to other users rather than initiating their own
threads. Jones et al concluded that this person might be watching
over the whole forum and looking out for others in need. This
person undertook the caretaker role despite the OHC being a
moderated forum.

These are the most active users of an OHC by post frequency.
Sudau et al [20] noted these users maintain “small talk,” which
may be good for community building. They participate in many
different threads but do not initiate many themselves.

Here for You
One user in a sample of 77 people was considered to take the
“here for you” participation style by Jones et al [19]. Like the
caretaker, they did not create many threads of their own.
However, in contrast to the latter, they did post large amounts
of comments in response to other people who needed support.

Topic-Focused Responders
A user whose activity is concentrated on a specific topic, the
topic-focused responder is distinct from a discussant in that they
do not post as much and do not initiate as many threads. Sudau
et al [20] included only people who had made at least five posts
on a certain topic in their analysis. Topic-focused responders
met this criterion but they did not have many other posts. They
tended to focus mainly on responding to others who had initiated
the topic. Sudau et al suggested this style may be similar to the
here for you participation style identified by Jones et al [19],
but we have separated them because of the distinction between
discussion and support.
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Topic-Spammers
This is a user who is active for a very short period, that is, only
a few days. In that time, they contribute a high number of posts
on a specific topic in the discussion forum. However, these are
not particularly sophisticated posts, rather they are short and
lack references. This participation style was identified by Sudau
et al [20].
Short-Term and Long-Term, High-Activity and
Low-Activity Users
Stearns et al [25] noted that the bulk of users in a smoking
cessation OHC are made up of short-term users (active for
approximately less than 1 week), who, regardless of whether
they have high or low activity, tend to be involved in the OHC
for personal gain. Long-term users with low activity are noted
to have smaller social circles and a stronger interest in particular
topics. Stearns et al state that long-term high-activity users are
most like Young’s [5] “core members” who are vital to the
sustainability of the OHC.

Unidimensional
All but one of the studies [24] that made unidimensional
classifications did so for the purpose of determining if the type
and level of engagement a person showed was predicted by
demographic factors and whether high engagement predicted
specific health outcomes. Some studies made statements about
the nature of participation of users in the OHC. Given that the
purpose of this review was to investigate the nature of
participation, we focus on reporting these findings in the
following sections considering first high-engaged users,
followed by moderate- and low-engaged users.

High-Engaged Users
All 8 studies that made a unidimensional categorization
[2,3,12,13,15,18,21,24] classified users into a participation style
that we call high-engaged users. There were 8 different metrics
used across these studies that all indicate a different type of high
engagement. These included posting frequency, thread initiation,
thread participation, level of in-degree/out-degree, reading of
posts, time logged in, and friendship (see Table 3 for
definitions).
Frequency of posting was the most commonly used metric used
by 6 of the 8 studies [2,3,12,18,21,24]. It was used to classify
users in a total of 9 OHCs, with 4 of those being for smoking
cessation, 4 for mental health issues, and 1 for social innovation
in health care. Users who were highly engaged according to
posting frequency were regarded by all but one of the studies
[12] as being valuable to the OHC because they sustained
activity levels and in doing so facilitated the engagement of
others. Four of the 6 studies referred to these people as either
“superusers” [2,3,21] or “community leaders” [24]. This regard
spanned across all the types of OHCs mentioned earlier.
Thread initiation and thread participation (together with posting
frequency) were used by one study [21] to classify the top 100
ranked users, denoting them “superusers.” The moderators of
the OHC were asked to identify leaders within it. The authors
noted that although most studies have previously identified
leaders in an OHC using posting frequency alone, the moderators

thought it was necessary to also include users who start many
conversations and who participate in many different
conversations in their definition of a “superuser.”
In-degree and out-degree were employed by 2 studies to classify
users as highly engaged [24,26]. The authors of one study [24]
regarded users with high in-degree (top 10) as authorities on
topics, similar to the hubs and authorities discussed earlier. This
study was conducted on an OHC that existed within Twitter. It
was noted that those people with the highest in-degree were
also people who had the highest number of followers on Twitter
in general. Users with high in-degree were considered to be
valuable for engaging other less active users in discussion. It
was noted that the 6 users were both top 10 ranked users by
in-degree and out-degree. These 6 people were thought to be
communicating on topics that resonated with the community
and were considered to be “community leaders.” In a study of
a mental health OHC for psychosis, Chang et al [26] referred
to users with either a high in-degree or out-degree as “stars”
after Bambina’s [27] single outlying user.
Other metrics employed to classify users as highly engaged
included reading [12], time logged in [13], and friendship [15].

Moderate-Engaged Users
Four studies classified users as moderately engaged based on
3 different metrics. Two were based on posting frequency [2,3],
and one each on time logged in [13] and friendship [15].

Low-Engaged Users
Six studies classified users as low engaged based on 4 different
metrics. Four were based on posting frequency [2,3,12,18], and
one each on reading [12], time logged in [13], and friendship
[15].

Discussion
Principal Findings
This systematic review synthesized findings from studies that
investigated the nature of participation in an OHC by
categorizing users based on metrics of participation. The aim
of this review was to identify the different ways in which users
participate and contribute to OHCs, although we acknowledge
that the resultant list of participation styles may not provide a
comprehensive account of all possible styles. Our objective was
to determine whether any patterns were apparent in the types
of participation styles that were identified across and within
different health conditions. With the exception of an overlap in
engagement measured by posting frequency (which has been
discussed elsewhere [3]), there was little overlap in participation
styles identified across OHCs for different health conditions or
within OHCs for specific health conditions. Consequently, it is
not possible for this study to address this objective. This area
of research is in its infancy, with most of the studies included
in this review being published in the last 2 years. Despite this
shortcoming, the current review delivers a nomenclature for
OHC participation styles and metrics that will provide a basis
for future comparative research in the area. To inform future
research, we discuss in the following section some
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methodological considerations for studies seeking to replicate
or expand on the methods identified by this review.

Methodological Considerations
Posting Frequency
It was common for studies to use posting frequency as the sole
means of classifying highly engaged users in an OHC. It was
also common among these studies for researchers to regard
these users as being particularly valuable to the OHC. However,
it is not possible to know from post frequency alone in what
way a person is contributing to an OHC. They might be
contributing trivial or critical messages or their post might in
other ways fail to support others. The rationale for the inference
that high engagement is synonymous with high value may relate
to another commonality across papers. The authors in question
were also community managers of the OHCs that they were
studying; therefore, they may have based their conclusions on
reading content posted by these users. However, content analysis
research is required to investigate whether posting frequency
is a valid means of identifying generically valuable users.

Machine Learning
Zhao et al [22,23] used a complex method of identifying the
participation styles of leaders and influential users that may be
subject to issues with generalizability. Ideally, the classifier
would be transferable across OHCs. However, there is currently
no evidence to support such transferability. Indeed by using 69
metrics in their machine learning classifier, they may have
created a model that is overfitted to the data of the OHC from
which it came and it may not work well at identifying leaders
or influential users in other OHCs, even of the same health
condition. Furthermore, an essential prerequisite for the
development of the method was identifying a priori, using
subjective judgments, a sample of leaders and influential users
for use in the learning classifier trial. Thus, if Zhao’s classifier
is not generalizable, research to identify a new model requires
expertise, or access to expertise, in identifying leaders and
influential users through qualitative methods in addition to
advanced understanding of machine learning methods. Despite
these challenges, research in this area offers promise, particularly
as influential users most closely resemble those vital users whom
Young [5] described as core members. For those who are not
inclined to build their own classifier, it is noteworthy that one
particularly useful and generalizable aspect of the method for
determining influential users was the discovery of the metric
influential responding replies, which is defined as the number
of posts a person has made that have influenced the sentiment
of the thread initiator. Zhao reported that this metric was a better
predictor of influential user status than the other 68 metrics
combined. IRRs are determined by analyzing the degree of
positive and/or negative sentiment expressed in the text. There
are many existing programs that can conduct this kind of
sentiment analysis, such as Linguistic Inquiry and Word Count
[37]. However, note that it is important to test the validity of
these programs in any new dataset by comparing human and
computer ratings. As Zhao points out, the word “positive” in
the context of a cancer diagnosis can be a negative concept.
Applying a standard sentiment analysis program in this context
would yield invalid results.

Wang et al [29] also used a machine learning classifier; however,
their method may be more reliably replicated without expert
knowledge. The classifier was designed to detect the presence
or absence of certain types of social support in posts. They used
5 human coders to classify a sample of posts that could be used
for training the classifier. These people were not domain experts.
Similar research has involved contracting online Amazon
Mechanical Turk workers to code the presence of social support
in posts for the same purpose [38]. These people also did not
have prior experience in this area.

Centrality Algorithms
Similar to IRR, some participation styles described users who
were useful in a particular way that would be potentially
identifiable in any OHC, or for that matter, any social network.
These were based on algorithms that used measures of centrality
such as in-degree and out-degree. This includes authorities,
hubs, facilitators, and trusted users. While these categories are
quite useful, it should be noted that these algorithms are
calculated in such a way that they introduce bias based on time
elapsed such that users who participate earlier in the OHC
receive higher scores [39]. There are methods to adjust for this
[40].

K-means Clustering and Multivariate Outliers
Other more specific participation styles described users who
have particular characteristics and may be found only in a subset
of OHCs. This included, for example, the caretaker or the
topic-spammer. The techniques used to identify these
participation styles, k-means clustering algorithms and
multivariate outliers, may not necessarily identify the same
participation styles in other OHCs. However, they may be useful
for identifying other particular or unique ways of participating
in OHCs.

Limitations and Future Research
The scope of this study is quite broad. We included all studies
that categorized a type of participation in an OHC despite the
possibility that the culture and nature of participation in
populations with different health conditions and with or without
moderators could differ markedly. There was little overlap in
the use of categorizations to define particular participation styles
either in OHCs broadly or within specific health conditions.
Thus, it is not possible to draw many specific conclusions at
this early stage. A possible limitation and reason for this is that
we may not have included all relevant studies, as our search
terms may not have encompassed all the different terms used
to describe participation styles at this early stage of research.
Nevertheless, by synthesizing the findings of the included
studies, this review provides a basis for future research to
investigate the validity of styles identified to date by attempting
to replicate findings for specific OHCs and exploring their
validity across different OHCs. Future research should also
investigate new participation styles not documented in this
review.

Conclusion
Our systematic review identified a range of participation styles.
Some of them may be generalizable to other OHCs. Others were
more specific to particular OHCs but were identified by methods
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that could be used elsewhere. The findings of this review are
intended to support the work of community managers in building
community, organizations seeking to design targeted
interventions and disseminate information through certain types
of people in OHCs, and researchers seeking to understand the
nature of peer support. We anticipate that this review will be

useful for these groups in conducting investigations to determine
the presence of participation styles that may be relevant to their
work. However, it is too early to draw any conclusions about
which OHCs would be most likely to contain users who have
specific participation styles.
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Chapter 3
Foreword
A limitation of the existing literature on matters central to this thesis was highlighted by the
systematic review in Chapter 2. Studies that identify participation inequality in MHISGs have
arbitrarily grouped users into three categories according to posting frequency (super users,
contributors and lurkers, operationalised as the top 1%, intermediary 9% and bottom 90% of
users respectively) based on a rule of thumb [13] that has long been applied to citizen
engagement with social media. These studies did not acknowledge that the underlying
distribution of user posts conforms to an inverse power-law. To address this gap, the third
chapter of this thesis comprises a short paper reporting on an empirical study that replicated
the previous research and formally investigated the question:
RQ 2: What is the mathematical distribution of engagement as measured by posting frequency
among active users in an MHISG?
and contextualised the investigation within the relevant body of research including key
literature on Zipfian distributions.
Throughout the remaining empirical studies in this thesis, users have been analysed in either
high-, moderate- or low-engaged groups defined by cut-offs in the spectrum of engagement.
This approach has been adopted for pragmatic, primarily statistical reasons, and to facilitate
comparisons to previous research.
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a b s t r a c t
Sustainable online peer-to-peer support groups require engaged members. A metric commonly used to identify
these members is the number of posts they have made. The 90-9-1 principle has been proposed as a ‘rule of
thumb’ for classifying members using this metric with a recent study demonstrating the applicability of the
principal to digital health social networks.
Using data from a depression Internet support group, the current study sought to replicate this ﬁnding and to
investigate in more detail the model of best ﬁt for classifying participant contributions.
Our ﬁndings replicate previous results and also ﬁnd the ﬁt of a power curve (Zipf distribution) to account for
98.6% of the variance.
The Zipf distribution provides a more nuanced image of the data and may have practical application in assessing
the ‘coherence’ of the sample.
© 2014 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/3.0/).

1. Introduction
Online peer-to-peer support has many potential health beneﬁts
(Ziebland and Wyke, 2012). To date, systematic reviews have failed to
ﬁnd consistent evidence for the efﬁcacy of online peer-to-peer support
groups on health outcomes (Eysenbach et al., 2004; Grifﬁths et al.,
2009). However, there is evidence that consumers value these groups
(Horrigan et al., 2001) and there is increasing interest in identifying
the key components of sustainable thriving online support groups
(Young, 2013). It is generally agreed that one key component is highly
engaged core members who contribute substantially to the community
(Young, 2013). There is no consensus on what metrics should be
employed to classify the contributions of members. Four studies have
sought to identify highly engaged members in online peer-to-peer
support groups using different combinations of metrics. These metrics
include the number of posts made by members (Cobb et al., 2010;
Jones et al., 2011; van Mierlo et al., 2012; van Mierlo, 2014), the number
of threads initiated (Jones et al., 2011; van Mierlo et al., 2012), the
number of different threads in which a member participates (Jones
et al., 2011; van Mierlo et al., 2012), the level of connectedness to other
members in the forum (Cobb et al., 2010) and time spent logged in
(Jones et al., 2011). One metric common to them all was number of posts.

Recent research has used number of posts as a sole means of classifying members in Digital Health Social Networks (DHSN) with a peerto-peer support group component (van Mierlo, 2014). The study
investigated the 90-9-1 principle or the 1% rule. This rule describes a
commonly reported phenomenon whereby the majority of content in
an Internet community is produced by only 1% of the participants
(referred to as ‘superusers’), a minority of the content is produced by
a further 9% of participants (‘contributors’) and 90% of people observe
the content in the Internet community without actively participating
(‘lurkers’) (Nielsen, 2014). The study sectioned the content attributed
to these three groups and found that the sections contained 74.7%,
24.0% and 1.3% of the total posts in the DHSN respectively. It was concluded that the 90-9-1 principle applied to DHSN.
The DHSN study sought to verify the 90-9-1 principle rather than to
determine the distribution which best ﬁtted the data. Thus, the 90-9-1
principle may not provide the greatest accuracy in classifying participants in a DHSN. The aim of the current study is to further investigate
the model of best ﬁt for classifying participants in a DHSN, including
but not limited to the 90-9-1 principle.
2. Method
This study used data from the peer-to-peer Internet support group —
BlueBoard (blueboard.anu.edu.au). BlueBoard is predominantly used
for peer-to-peer discussion about Depression (38.8% of content). It
also includes forums on Bipolar Disorder (18.4%), Generalised Anxiety
Disorder (5.0%), general discussion (22.1%) and other topics (15.7%).

⁎ Corresponding author. Tel.: +61 02 6125 6825.
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Fig. 1. BlueBoard homepage.

166

47

B. Carron-Arthur et al. / Internet Interventions 1 (2014) 165–168

167

BlueBoard is moderated by a team of paid personnel. Members are consumers and carers. BlueBoard's homepage is shown in Fig. 1. The data
used in this study included all posts generated between 1st October
2008 and the 23rd May 2014 (n = 131,004 by 2932 members). Posts
made by moderators (n = 352 by 10 moderators) were not included
in the analysis. Data collection procedures were approved by the
Australian National University Human Research Ethics Committee.
In order to replicate the analysis conducted by van Mierlo (2014),
we separately calculated the total number of posts made by the 1% of
registered members who contributed the most, the next 9% and the
ﬁnal 90%. To investigate alternative models of ﬁt for the data we
graphed on a log–log scatterplot the total number of posts of each member ranked in order of those who made most to least posts and ﬁtted a
power curve using Microsoft Excel.
Fig. 2. Log–log scatterplot of the total posts made by each member ranked in descending
order and a power curve which best ﬁts the data.

3. Results
The percentages of posts made by participants in each of the three
Sections 1, 9, and 90 were 85.8%, 11.2% and 3.0% of the total number
of posts respectively. The corresponding number of members in each
section and the range in the number of posts made by members in
that section are shown in Table 1.
A log–log scatterplot showing the frequency of posts made by each
member ranked in descending order is presented in Fig. 2. The best
ﬁtting curve was found to have the function f(x) = 63935x−1.427 with
correlation coefﬁcient r = 0.993 and a coefﬁcient of determination of
0.986. This indicates that the model accounts for 98.6% of the variance.
4. Discussion
The current analysis broadly replicated the ﬁndings of van Mierlo
(2014), that the top 1% of registered members contribute the vast majority of posts, the next 9% a minority and the last 90% very few. Thus,
the 90-9-1 principle appears to provide a reliable means of broadly
categorising participant contributions in a DHSN. However, the graph
in Fig. 2 and the associated best ﬁtting power curve provide an alternate
and more precise means of describing the distribution. In fact, the distribution in Fig. 2 adheres to Zipf's law — that the frequency of posts made
by a member is inversely proportional to their rank in frequency. This is
a widely observed phenomenon spanning areas such as linguistics,
populations, income and internet trafﬁc (Newman, 2006; Adamic and
Huberman, 2002). This model gives a more nuanced image of the distribution. It shows a gradual reduction in contributions rather than a
quantum leap at the boundary between superusers and contributors
as the 90-9-1 principle implies. Researchers, developers and other
stakeholders seeking to optimise the network effects associated with
members who generate the highest levels of trafﬁc in an Internet support group (van Mierlo, 2014) may beneﬁt from the understanding
that there is a predictable diminishing return associated with each individual member as opposed to categorical differences in types of users.
A range of explanations has been proposed to explain the occurrence
of Zipﬁan distributions including, for example, the principle of least
effort (Ferrer i Cancho and Sole, 2003), proportional growth processes
(Gabaix, 1999) or a simple stochastic process (Miller et al., 1958).
There is no consensus on which is correct and none allow a meaningful
interpretation of the current data. However, a phenomenon associated

Members (N)

Percentage of
posts (N)

Range in the
number of posts (N)

1 (1%)
2–10 (9%)
11–100 (90%)

1–74 (74)
75–743 (669)
744–7434 (6691)

85.8% (112,373)
11.2% (14,669)
3.0% (3,962)

11,994–142 (11,852)
141–5 (136)
5–0 (5)

5. Conclusion
The 90-9-1 principle and Zipf's Law both provide a means of describing the distribution in engagement of members by post frequency in the
internet support group but Zipf's law provides a more precise description
of the data.
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Table 1
Posts and members in each section.
Percentile

with data which better ﬁts the Zipﬁan distribution is that of greater ‘coherence’ in the sample (Cristelli et al., 2012). For example, ranking cities
by population size in the USA ﬁts the Zipﬁan distribution better than the
European Union (EU). Furthermore, each individual country of the EU
ﬁts the distribution well in comparison to the EU as a whole, and conversely each individual state in the USA does not ﬁt the distribution
well in comparison to the USA as a whole. This is thought to reﬂect
the time each has had to organically evolve as a collective unit
(Cristelli et al., 2012). For Internet support groups, describing the distribution of engagement using the Zipﬁan distribution may allow researchers and developers to assess the coherence of the group versus
the coherence of its subsets, such as the different forums within the
group. In the current study, the best ﬁt was found for the support
group as a whole as opposed to any individual forum by topic.
Frequency of posts is one way of identifying highly engaged members in a network. It is not necessarily the most suitable method.
Borgatti (2006) argues that key members in a network are most appropriately identiﬁed using the combination of metrics that identiﬁes
members whose engagement contributes the kind of value that reﬂects
the reason they are being sought. In addition to the metrics which have
been used in past research, future research may investigate other
metrics such as the average word count of posts, time of day, regularity
of posting or combinations of these. Since quantity does not necessarily
reﬂect quality, content analysis of posts is required to determine if
the highly engaged users are contributing informative and supportive
content (Salem et al., 1997).
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Chapter 4
Foreword
This chapter presents the second of five empirical studies included in this thesis and the first of
four that investigated an aspect of participation in BlueBoard followed by a comparative
analysis of differentially-engaged users.
This study focused on BlueBoard users’ personal characteristics including gender, age, location
and status as either a consumer, carer or other. It was undertaken to address a gap in the
literature identified in a systematic review of studies on depression ISGs [4] that had not been
addressed by subsequent studies of these communities. The review identified that selection
effects associated with surveys of ISG users may have biased the results of existing studies of
the characteristics of depression ISG users and that none had used information collected
during registration to analyse user characteristics more reliably.
Accordingly, the study in this chapter sought to answer the questions:
RQ 3a: What are the characteristics of BlueBoard users?
RQ 3b: Are there systematic differences in the characteristics of users with different levels of
engagement?
using information collected during registration. The comparative analysis of differentiallyengaged users involved primarily a comparison between users who had contributed a single
post and users of all other levels of engagement. The remaining three studies of this thesis
focused largely on the higher-engaged category of users in their comparative analyses. The
current study includes a survival analysis which I undertook of the retention data. The analysis
suggests that the user characteristics employed in this study have only minor predictive value
for user engagement.
The publication of the study in this chapter was markedly delayed for journal-related technical
reasons unrelated to its content. The study itself was undertaken at the same time as the
network modularity study in Chapter 5 which also incorporates user characteristics and prior
to Chapters 6 and 7.
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a b s t r a c t
Background: Internet support groups (ISGs) for mental ill-health are common but little is known about the characteristics of users, the usage and predictors of ISG usage and if and how these change over time.
Aim: This study evaluated the attributes of a publically accessible ISG for depression and other mental disorders
including: (1) the demographic and other characteristics of its users; (2) their patterns of usage; and (3) the
factors which predict posts to and retention on the ISG.
Method: User characteristics (gender, age, user type, country and location of residence) were collected at the time
of registration on the ISG BlueBoard (blueboard.anu.edu.au). All board log data were downloaded for the period
October 2008 to May 2014. Predictors of post frequency and retention on the board were examined using logistic
regressions. Other data were analysed using descriptive statistics.
Results: 2932 users contributed 131,004 posts to the ISG. The majority were female, aged 20 to 34 years, and mental health consumers. Although most users were city dwellers, 19% resided in rural or remote regions. Frequency
of posts and retention on the board varied across users, with a moderate association between retention and number of posts. Growth in posts substantially exceeded the growth in new users over the monitoring period. Multivariate analysis demonstrated that consumers posted more often and remained longer than carers or others,
and that younger users posted less often; however, the model predicted very little of the variance.
Conclusions: A small minority of active users are sufﬁcient to ensure the sustainability and growth of an online
mental health ISG. Further research is required to understand why so many support group members limit
their contributions to one or a very small number of posts and what factors predict and promote active engagement and long-term retention in virtual mental health communities.
© 2016 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
Internet support groups (ISGs) are accessible and popular (Dosani
et al., 2014; Fox and Duggan, 2013; Parikh and Huniewicz, 2015) and
have the potential to provide valued social support to individuals with
depression and other common mental disorders (Barak et al., 2008;
Grifﬁths et al., 2015). While there is uncertainty regarding the effectiveness and safety of ISGs (Eysenbach et al., 2004; Grifﬁths et al., 2009a;
Hoybye et al., 2010; Parikh and Huniewicz, 2015; Rice et al., 2014;
Takahashi et al., 2009), recent high quality evidence suggests that
such support groups may improve mental health outcomes
(e.g., (Grifﬁths et al., 2012, Ali et al., 2015)) and increase users' sense
of empowerment (Crisp et al., 2014), self-esteem (Crisp et al., 2014)

⁎ Corresponding author at: Research School of Psychology, College of Medicine, Biology
and Environment, The Australian National University, 2601, Australia.
E-mail address: Kathy.Grifﬁths@anu.edu.au (K.M. Grifﬁths).

and perceived quality of life (Crisp et al., 2014). However, there is little
systematically collected evidence on the characteristics of those who
use ISGs for depression or mental ill-health, or what determines the
level of participation and retention of users in these groups (Grifﬁths
et al., 2009b).
There is some evidence that the predominant users of depression
support groups are consumers (Houston et al., 2002; Powell et al.,
2003; Salem et al., 1997; Alexander et al., 2003; Nimrod, 2012) who
are primarily in their mid-20s to 40s (Dosani et al., 2014; Houston
et al., 2002; Nimrod, 2012; Powell et al., 2003); there is mixed evidence
regarding gender of users (Dosani et al., 2014; Fekete, 2002; Houston
et al., 2002; Nimrod, 2012; Powell et al., 2003; Salem et al., 1997;
Takahashi et al., 2009). However as noted by Grifﬁths et al. (2009b), a
limitation of most previous studies of public depression support groups
is that they have been derived from surveys posted on ISGs or by inferring the users' status from posts. Thus, the data collected from these
studies is typically either restricted to those ISG members who remain
on the board and who chose to participate in the surveys, or conclusions

http://dx.doi.org/10.1016/j.invent.2016.11.003
2214-7829/© 2016 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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are based on inferences of unknown validity. A more valid approach
would analyse data collected at the time of registration.
To date, few studies have investigated patterns of usage of open access mental health support groups across forum topics or over time
(Grifﬁths et al., 2009b) based on all registered users and registration details. Although one group has undertaken a study of membership duration and its predictors in a cross-sectional survey (Nimrod, 2012), as
noted above there are limitations to the conclusions that can be
drawn from such methodologies. We are not aware of any systematic
studies of the retention patterns for all users of an online mental health
support group. Nor - with the exception of cross-sectional studies – are
we aware of studies that have systematically investigated individual differences in mental health support group usage by ISG members or the
predictors of any such differences based on details at registration. We
have recently reported the distribution of posts across an entire online
support group for depression and related disorders (blueboard.anu.
edu.au), ﬁnding that they conformed to a Zipﬁan distribution (CarronArthur et al., 2014). However, the study did not investigate individual
differences in detail.
Accordingly, the current study sought to document: (1) the demographic and other characteristics of users of the publically accessible
bulletin board on registration; (2) the patterns of usage on the board;
and (3) the factors which predict usage of the board and retention on
the board.
2. Method
Data were collected from the database of the peer-to-peer ISG
BlueBoard. Ethics clearance was obtained from the ANU Human Research Ethics Committee prior to the establishment of the board to enable the investigators to undertake research investigating the
characteristics of the board and its users.
2.1. The Internet support group: BlueBoard (blueboard. anu. edu. au)
This service was provided by the National Institute for Mental Health
Research/Centre for Mental Health Research at the Australian National
University with funding from Australia's Department of Health.
BlueBoard comprised 10 forums including: (1) Eight condition forums
each focused on a different mental disorder (depression, bipolar disorder, generalised anxiety, social anxiety, panic disorder, obsessive compulsive disorder, borderline personality disorders and eating
disorders). Each of the condition forums comprised two sub-forums:
“Living with [condition, e.g., depression]” and “Taking care of our ourselves”; (2) A carer forum (“Caring for someone with a mental health
problem”) comprising four sub-forums: “General”, “Depression and Bipolar disorder”; “Anxiety disorders” and “Other disorders”; and (3) a
general forum comprising four sub-forums ‘Chit-chat’, “Having a
laugh”, “Creative corner” and “Suggestions box”. The Board was moderated by consumers who were trained and supervised by a registered
clinical psychologist (JR). The Board was originally established as a
mood disorder support group in 2003 but was closed in 2007 and
2008 due to lack of funding. The current study is focused on the second
phase of the service. All forums were established on 1 October 2008 except the Obsessive Compulsive, Borderline Personality and Eating Disorder forums which were established on the 1 June 2009, 1 March 2010
and 30 July 2012 respectively. Further details of the Board can be
found elsewhere (Grifﬁths et al., 2015).

posts, their time stamps, and forum and sub-forum details, for the period 1 October 2008 and 23 May 2014.

2.3. Analyses
Analyses were undertaken using SPSS Statistics Version 22.0. User
characteristics and usage (number of posts contributed, and user retention on the board in months) were analysed using descriptive statistics.
Simple bivariate relationships between user characteristics and usage
were assessed using Kruskall-Wallis and Mann-Whitney tests. Multivariate analysis of predictors of usage were examined using logistic regression analyses. Retention data were further analysed using Cox
proportional hazards regressions with (i) no censoring; (ii) right censoring of users who posted in the last 2 weeks of the data collection period and (iii) right censoring of users who posted in the last 12 weeks.

3. Results
A total 4823 individuals registered on BlueBoard (excluding those
who were banned for spamming or related activity) in the relevant period, of whom 2932 contributed at least one post. The focus of this paper
is on those registrants who contributed one or more posts; they will be
referred to here as ‘users’.
3.1. Characteristics of users
Table 1 summarises the characteristics of the BlueBoard users who
provided demographic and other data. Missing data ranged from 8.6%
(gender) to 15% (participant type). Two-thirds of users were women
and the majority were consumers. Although the Board was used by
older people including some aged over 75 years, the majority of users
were aged between 20 and 34 years. Users resided in 76 different countries, with most living in Australia. The next most frequent user locations were the United States and the United Kingdom. Approximately
half of all users lived in a capital city but a substantial minority (almost
19%) resided in rural or remote areas.

Table 1
Characteristics of users (≥1 post, n = 2932) at registration. Values are numbers (percentages) unless otherwise stated.
Characteristic
Gender (n = 2680)
Women:
Age category (n = 2662)
b20 yrs
20–34 yrs
35–49 yrs
50–64 yrs

n (%)
1812 (67.6%) Chi-square (1) = 1812, p b 0.001
174 (6.5%)
1489 (55.9%)
737 (27.7%)
243 (9.1%)
Chi-square (4) = 2691.07,
p b 0.001
19 (0.7%)

65 yrs +
Location/rurality (n = 2602)
Rural/remote
483 (18.6%)
Capital city
1367 (52.5%) Chi-square (2) = 473.50, p b 0.001
Other city
752 (28.9%)
Country (n = 2671)
Australia
2195 (82.2%)
United States
202 (7.6%)
United Kingdom
70 (2.6%)
Canada
29 (1.1%)
New Zealand
16 (0.6%)
India
15 (0.6%)
Other
144 (5.4%)
User type (n = 2493)
Consumer
1664 (66.7%)
Carer
238 (9.6%)
Other
591 (23.7%)
Chi-square (2) = 1327.48,
p b 0.001

2.2. Measures
User characteristics were collected at the time of registration on
BlueBoard and included: age range, gender, country of residence, location of residence (rural/capital city/other city) and type of user (consumer/carer/other). Usage data were collected by downloading all
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3.2. Patterns of usage
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3.3.1. Interrelationship between posts across forums
The intercorrelations between post frequencies for different forums
were in most cases statistically signiﬁcant but very small. However, as
noted above, over 40% of the users posted only once and almost half
of all users posted fewer than 19 times, limiting the likelihood that
posts would be distributed across different forums. Accordingly, the
data were examined for the 349 ‘active users’ who posted at least 19
times. For these users, there was a statistically signiﬁcant moderate association between the posts in the condition forum (combining all subforums) and the combined posts in the general forum (including the
Chit Chat, Creative Corner, Having a laugh, and Suggestion Box subforums) (Spearman rho = 0.51, p b 0.001). There was also a small significant correlation between the frequency of posts for the condition and
carer forum posts (Spearman rho = 0.36, p b 0.001). Similarly, there
was a signiﬁcant, moderate relationship between the posts in the
carer and general forums (Spearman rho = 0.57, p b 0.001). Thus, the
more an active user posted in one forum, the greater their number of
posts in other forums.

3.2.1. Distribution of posts across forums and sub-forums
Users contributed a total of 131,004 posts during the 68-month
study period. Of these, the majority were posted in the condition forums
(n = 89,667; 68.4%) and a substantial minority were in the general
forum (n = 38,780, 29.6%); the remainder were posted to the carer
forum (n = 2557, 2%).
Table 2 provides further details of the distribution of posts across forums and sub-forums. Of all the posts to condition forums, the overwhelming majority were in the “Living with…” sub-forums. Of the
eight condition forums, the majority of posts were made to the depression forum followed by the bipolar forum. Similarly, within the carer
forum, the majority of posts were made to the depression and bipolar
disorder sub-forums. In addition, a signiﬁcant minority of the carer
forum posts were made to the carer general sub-forum. Finally, the majority of the posts in the general forum were made to the chit-chat subforum (‘general off-topic chit chat’), although a signiﬁcant minority of
the general forum posts were attributable to ‘creative corner’ where
participants shared ‘poetry, short stories or articles…or talk about
other creative endeavours’.

3.3.2. Association between user characteristics and posts.
Given the markedly skewed distribution of posts, bivariate analyses
of the effect of different users characteristics on usage were undertaken
using non-parametric tests. These analyses found no difference in post
frequency for male and female users (Mann-Whitney U = 754.187,
p = 0.074). However, there was a signiﬁcant difference in total posts
across different user types (n = 2493, Kruskall Wallis Chisquare(2) = 27.43, p b 0.001). Pairwise comparisons, adjusted for multiple comparisons, showed that consumers posted more frequently than
carers (adjusted p b 0.001) or ‘others’ (adjusted p b 0.001). There was no
signiﬁcant difference in post frequency for carers and others (adjusted
p = 1). There was a signiﬁcant difference in usage across the ﬁve age
groups (Kruskall Wallis: Chi-square (4) = 10.92, p = 0.027) with younger users (b20 years) posting less frequently than those aged 35 to
49 years (p = 0.019 after adjustment). Uncorrected comparisons suggested that those aged b20 years posted less frequently than users
aged between 20 and 34 years and between 50 and 65 years (uncorrected p = 0.018) but these differences were no longer statistically signiﬁcant following correction for multiple comparisons (p = 0.18). Finally
there was no statistical difference in total posts based on whether the
participant resided in a rural location, a capital city or another city
(Kruskall-Wallis, Chi-square (2) = 3.90; p = 0.14).
Normal probability plots (P-plots) of the residuals indicated that the
assumption of normality was not met either for the total posts or logtransformed total posts. It was therefore not appropriate to undertake
a linear regression analysis. Predictors of post frequency were then investigated using the three-category classiﬁcation (active, multiple and
one-off users) described above. However, when an ordinal regression

3.2.2. Distribution of posts and new users across time.
Total posts increased from 900 in 2009 to 60,251 in 2013, a growth
factor of 67 times (6700%). This reﬂected the high growth rates in
posts in most forums (see Table 3). During the same period the number
of new users increased by from 207 to 622, a growth of 3 times (300%).
Cumulative users grew from 252 at the end of 2009 to 2637 at the end of
2013, a growth factor of 10.5. Since not all of the early users remained
active in 2013, this is an overestimate of users for 2013. Despite this,
the growth factors in posts far exceeded the growth in registered users.

3.3. Individual differences in usage: posts
We have previously reported that the distribution of posts for all
registered members conformed to a Zipﬁan (power) distribution
(Carron-Arthur et al., 2014) with total posts for individuals ranging
from 0 to 11,994. The current study focused on the participants who
made at least 1 post. Of these 10% of users (n = 239) contributed
93.8% of the posts, each contributing between 19 and 11,994 posts.
They will be referred to here as ‘active users’. A total of 41.2% of users
(n = 1207) contributed one post each only; they will be designated
here as ‘one-off users’. The remaining group of users (n = 1432, 48.8%
of users) posted between 2 and 18 posts and will be referred to as ‘multiple users’.

Table 2
Number and percentage of posts within forums and sub-forums (Oct 2008–May 2014).
Forum type

Forums

n (%)

Sub-forum

n (%)

Condition forums
n = 89,667

Depression
Bipolar disorder
Generalised anxiety disorder
Social anxiety disorder
Borderline personality disorder
Eating disorder
Panic disorder
Obsessive compulsive disorder

52,904 (59.0%)
24,829 (27.7)
6898 (7.7%)
2144 (2.4%)
1363 (1.5%)
807 (0.9%)
507 (0.6%)
215 (0.2%)

Living with…
Taking care of ourselves

86,235 (96.2%)
3432 (3.8%)

Depression & bipolar
General
Anxiety
Other
Chit-chat
Creative corner
Having a laugh
Suggestion box

1536 (60.1%)
719 (28.1%)
244 (9.5%)
58 (2.3%)
29,016 (74.8%)
7948 (20.5%)
1087 (2.8)
729 (1.9%)

Carer forum
n = 2557

General forum
n = 38,780

54

12

K.M. Grifﬁths et al. / Internet Interventions 7 (2017) 9–15

Table 3
Posts and new users as a function of year.

Depression
Bipolar disorder
Generalised anxiety disorder
Social anxiety
Panic disorder
OCDa
Borderline personality disordera
Eating disordera
Caring for someone with a mental health problem
General (Chit chat, Creative corner, Having a laugh, Suggestion Box)
Total posts each year
Total new users each year
a

2008 (Oct–Dec)

2009

2010

2011

2012

2013

2014
(Jan–May)

188
33
15
17
0
N/A
N/A
N/A
4
128
385
45

529
59
64
30
14
1
N/A
N/A
44
159
900
207

1948
662
84
58
15
8
32
N/A
117
414
3338
453

4292
1281
548
329
127
25
229
N/A
346
855
8032
576

15,787
9071
2655
1062
98
90
343
512
1356
16,893
47,867
734

25,187
11,628
2770
558
203
90
660
142
575
18,438
60,251
622

4973
2095
762
90
50
1
99
153
115
1893
10,231
295

The OCD, borderline personality and eating disorder forums were commenced on 1 June 2009, 1 March 2010 and 30 July 2012.

was undertaken with gender, age, location and user as independent variables, the assumption of parallel lines was violated and there were a
substantial number of cells with zero or small sample sizes primarily
in the ‘Active’ category. Similarly, a multinomial regression was not
appropriate due to the number of zero and small sample size cells.
Accordingly the usage data was dichotomised into two categories
(1 = one post only users; 2 = multiple post users) and a logistic regression undertaken entering gender, age, location, and user status as independent variables, the latter three being coded as dummy variables (see
Table 4 (i)). This analysis demonstrated an overall signiﬁcant effect for
the model (Chi-square(9) = 19.85, p = 0.02), with a higher frequency
of posts for consumers compared to carers and others, fewer posts for
those aged b20 years compared to the 20 to 34 and 35 to 50 year old
groups, and a trend towards lower posts among rural and remote residents compared with their city counterparts (p = 0.051). Gender was
not a predictor of multiple compared to one-off posts. The HosmerLemeshow test indicated that the model provide an adequate ﬁt to the
data (Chi-square(8) = 7.79, p = 0.35). However, the Nagelkerke R2
value was only 0.011, indicating that the effect was very weak.
Dummy variables: Age reference group ≤20 yrs; Location reference
group = Capital city; User type reference group = Consumer.

3.4. Individual differences in usage: retention on the board
Retention of users on the board, calculated as the time between registration and the last user activity at the time of data download, ranged
from 0 to 5.5 years. The distribution was highly negatively skewed with
half of the users engaged with the board for b1 day (49.0%; n = 1438),
30.3% visiting for between 1 day and a month (n = 887), 17% for between one month and 1 year (n = 498), and the remaining 3.7%
(n = 109) returning to the Board for more than one year. These four categories of users will be denoted: minimal, short-term, medium-term

Table 4
Predictors of post frequency: logistic regression for a two-category dependent variable
(1 post vs multiple posts).
Unstandardized
coefﬁcient
Independent variables B

SE

Standardized coefﬁcient
Exp beta
Wald

Sig

Gender
Age 20–34 yrs
Age 35–49 yrs
Age 50–64 yrs
Age 65+ yrs
Other city
Rural remote
Carer
Other

0.09
0.17
0.18
0.21
0.51
0.10
0.12
0.14
0.10

1.10
0.66
0.65
0.73
0.58
1.01
0.80
0.75
1.22

0.311
0.02
0.02
0.14
0.27
0.196
0.051
0.04
0.04

0.09
−0.41
−0.44
−0.31
−0.55
−0.01
−0.22
−0.29
0.20

1.03
5.62
5.85
2.13
1.20
0.003
3.80
4.21
4.05

and long-term users. Overall, the correlation between posts and
retention was 0.68 (Spearman rho) and 0.53 (Kendall tau).
3.4.1. Association between user characteristics and retention
Since the distribution of user retention periods was skewed, bivariate analyses of the effect of different user characteristics on retention
were undertaken using non-parametric tests. The results of these analyses were broadly consistent with those for user posts, although retention was longer for female than male users (n = 2680, Mann-Whitney
U = 741,027, p = 0.015). Retention differed across user types (n =
2493, Kruskal Wallis Chi-square(2) = 52.41, p b 0.001) with Bonferonni
adjusted pairwise comparisons demonstrating that consumers
remained active on the board longer than carers (adjusted p b 0.001)
or ‘others’ user types (adjusted p b 0.001). There was no signiﬁcant difference in retention for carers and others after adjustment for multiple
comparisons (adjusted p = 0.084). Retention differed across location
of user (Kruskal Wallis Chi-square(2) = 6.66, p = 0.036), with adjusted
pairwise comparisons demonstrating that users from rural/remote
areas remained active for longer than those from non-capital cities (adjusted p = 0.033). A similar pattern was seen for rural/remote users
compared to those from capital cities, but the effect was no longer statistically signiﬁcant after Bonferonni adjustment (adjusted p = 0.13).
There was a signiﬁcant difference in retention across age groups categorized into 5 groups (n = 2662, Kruskal Wallis Chi-square(2) = 13.06,
p = 0.011). Without adjustment for multiple comparisons those aged
b20 years remained active on the board for less time than those aged
35–49 years (p = 0.044) or 50–65 years (p = 0.009); in addition
those aged 20–34 remained active less time than those aged 35 to
49 years (p = 0.009). However, none of these effects remained statistically signiﬁcant after Bonferroni adjustment.
Normal probability plots (P-plots) of the residuals indicated that the
assumption of normality was not met either for the retention data or the
log-transformed retention data, the latter being distributed bimodally.
An attempt was made to investigate predictors of retention by undertaking a multinomial analysis on the four-category classiﬁcation of the
retention periods described above (namely minimal, short-term,
medium-term and long-term users). To reduce the number of cells
with zero sample sizes for this variable, before undertaking the analysis
each of the independent variables were dichotomized based on the pattern of differences demonstrated by the bivariate analyses (Age:
1 ≤ 35 years 2 = 35 years and above; User: 1 = consumer 2 = carer
or other; Location: 1 = capital or other city; 2 = rural/remote) before
undertaking the analysis. However, the assumption of parallel lines
was violated.
The retention data were therefore dichotomised into two categories
(1 = active for 1 day or less (n = 1438); 2 = active for N1 day (n =
1492)) and a logistic regression undertaken using gender, age, location,
and user status as independent variables. The latter three factors were
coded as dummy variables (see Table 5 (i)). The analysis demonstrated
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Table 5
Predictors of retention: logistic regression for a two-category dependent variable (retention b1 day vs 1 or more days).
Unstandardized
coefﬁcient

Independent
variables

B

Gender
Age 20–34 yrs
Age 35–50 yrs
Age 50–64 yrs
Age 65+ yrs
Other city
Rural remote
Carer
Other

0.05
−0.26
−0.32
−0.15
0.52
−0.05
−0.17
0.60
0.36

SE

Standardized
coefﬁcient
Exp beta

Wald

Sig

0.09
0.17
0.18
0.21
0.52
0.10
0.11
0.14
0.10

1.05
0.77
1.37
0.86
1.68
1.05
0.85
0.55
1.43

0.33
2.19
3.01
0.52
0.98
0.23
2.28
17.34
13.09

0.57
0.14
0.08
0.47
0.32
0.63
0.13
b0.001
b0.001

Dummy variables: Age reference group ≤20 years yrs; Location reference group = Capital
city; User type reference group = Consumer.

an overall signiﬁcant effect for the model (Chi-square(9) = 35.43,
p b 0.001), and greater retention by consumers compared to carers
(p b 0.001) and other users (p b 0.001). There were no other signiﬁcant
predictors. The Hosmer-Lemeshow test indicated that the model provided an adequate ﬁt to the data (Chi-square(7) = 1.76, p = 0.97).
However, the Nagelkerke R2 value was only 0.02, indicating that the effect was very weak. A similar pattern of ﬁndings was demonstrated
when the retention data were dichotomised into retention for
b1 month and retention of 1 month and greater (Chi-square(9) =
43.54, p b 0.001, Hosmer-Lemeshow Chi-square(8) = 6.27, p = 0.62,
Nagelkerke R2 = 0.037) with a consumers more likely than carers and
others to use the Board for at least a month (consumer vs carer Wald
(1) = 9.75, p = 0.002; consumer vs other Wald (1) = 21.78,
p b 0.001). As a ﬁnal consistency check three survival analyses (Cox proportional hazards regression with (i) no censoring, right censoring for
last (ii) 2 and (iii) 12 weeks of data collection) were undertaken on
the data. In each case the ﬁndings were consistent with those of the logistic regression except that the trend in the logistic regression for those
aged 20 years to remain for less time than users aged 35 to 50 years
achieved statistical signiﬁcance in the survival analyses.
4. Discussion
Using details collected at registration we found that over the almost
5.75 year period of the study, a total of 2932 people contributed a total
131,004 posts to a publicly accessible, moderated online support group
for depression and related disorders. The majority of users were
women, aged between 20 and 34 years, and consumers (with direct experience of mental ill-health). Most resided in a city and lived in
Australia, although visitors were from 76 different countries and 19%
of users were from rural or remote regions. Posts were primarily to condition forums (and the ‘Living with Depression’ forum in particular), although a substantial minority of posts were concerned with more
general topics (in particular ‘Chit-Chat’). There was a very large growth
in posts over the monitoring period that substantially exceeded the
growth in new users. Of the active BlueBoard users, those who posted
more in one forum also posted more in other forums. Retention periods
on the board varied across users with a moderate association between
retention and number of posts. Bivariate analyses suggested that consumers posted more often and remained more engaged than other
users and that younger users (b 20 years) posted less actively than
older users and tended to remain engaged with the board for less
time. Further, these uncontrolled analyses indicated that women
remained on the Board over a longer period than men, as did people
from rural and remote areas compared with their city counterparts - although the latter effects were not statistically signiﬁcant after adjustment for multiple comparisons. Multivariate analyses conﬁrmed
consumers posted more often and engaged with the board for longer,
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and that young people posted less often and engaged over a shorter period than some older age groups. However gender and location effects
on retention were not sustained after controlling for other factors;
rural and remote users showed a trend to lower post frequency.
The distribution of characteristics among users of BlueBoard was
consistent with previous reports that consumers (Houston et al., 2002;
Powell et al., 2003; Salem et al., 1997; Alexander et al., 2003) comprise
a greater proportion of users of online depression support groups than
their counterparts. Signiﬁcantly, in contrast to most previous research
the methodology of the current study used registration data that did
not rely on potentially unrepresentative surveys or unvalidated inferences based on the content of posts. Together with the ﬁndings in the
current study that consumers posted more frequently and over a longer
period of time, the ﬁndings from the current and previous studies suggest that online support groups for depression and related disorders
are more important for those with lived personal experience of the condition than for carers. Alternatively, it is possible that the contributions
from carers initially fell short of the critical mass required to sustain
carer peer engagement thereby compromising further growth of carer
involvement, that the strong consumer presence reduced carer sense
of ownership and identiﬁcation with the Board and that carers might
prefer a space dedicated to their needs and priorities.
Our ﬁnding that there were more users among the younger (20–
34 years) than the older cohorts is consistent with the ﬁndings of previous survey studies (Dosani et al., 2014; Houston et al., 2002; Powell
et al., 2003). Could this pattern simply reﬂect the age distribution of
the population? According to Australian Bureau of Statistics census ﬁgures, 22% of Australians were aged between 20 and 34 years in 2012–13
(Australian Bureau of Statistics, 2015a). Clearly then this age group was
substantially overrepresented among users of the board which
accounted for 55% of the current sample. Further, this overrepresentation cannot be explained by the relatively small disparity in Internet access among age groups (Australian Bureau of Statistics, 2014). The
higher prevalence of common mental disorders among the younger cohort may have contributed at least in part to this pattern (Australian Bureau of Statistics, 2008). However, given the magnitude of the observed
difference in frequency of users in each of these age groups it is likely
that age exerted an independent effect on initial engagement with the
online support group that was not explained by other factors such as internet access and mental health status.
Young users b 20 years were more likely than those aged 20 to
50 years to make only one post and posted on the board over a shorter
period than those aged 35 to 50 years. This group is apparently less engaged by the activities on the board. There may be a number of explanations for this. The age group comprised only a small proportion of users.
A lack of availability on the board of age-matched peers with shared life
experience and interests may have served as a barrier to frequent and
sustained participation. Age can confer a perception of authority, mitigating against the operation of equal peer relationships. Alternatively,
mirroring face-to-face barriers, young people may have difﬁculty in or
be reluctant to articulate their emotional problems. On the other hand,
peer support groups may in fact be less engaging for young people
than for older consumers. Further research is required to investigate
the usage and drivers of online peer-to-peer support among this age
group.
Whereas previous studies have reported mixed ﬁndings with respect to the gender of users (Dosani et al., 2014; Fekete, 2002;
Houston et al., 2002; Powell et al., 2003; Salem et al., 1997; Takahashi
et al., 2009), the current study showed a clear predominance of
women (67%) among users of the online support group. These ﬁgures
may reﬂect the higher rates of depression in women, with studies consistently reporting a prevalence of depression in women that is twice
that of men (Kessler, 2003). The lack of gender effects on post frequency
and retention on the board after controlling for other factors suggests
that once they post on an online support group men and women engage
to a similar extent.
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The ﬁnding that a substantial minority of users of the bulletin board
resided in rural or remote regions is important. Overall, census ﬁgures
indicate that almost two-thirds (66%) of Australians resided in a capital
city in June 2014 whereas only a little over one-half (52%) (Australian
Bureau of Statistics, 2015b) of BlueBoard users were from a capital
city. It is unclear if this higher prevalence of users from outside the
main cities reﬂects a preference among these citizens for self-help or
to provide help to others, a lower access to face-to-face mutual support
groups, the lack of accessible professional services in rural areas, or the
impact of some other factor. It does however suggest that an online service of this type may be an acceptable and feasible source of support for
citizens residing in rural areas who otherwise lack either face-to-face
peer support or accessible professional services.
Although the majority of users were from Australia, the ﬁndings emphasise the potential reach of an online support group such as this with
users residing in 76 different countries. If, as has been proposed, the
concept of universality of illness is an important factor in recovery
(Yalom and Leszcz, 2005), then it is conceivable that the commonality
of experiences shared by people from diverse backgrounds might contribute to recovery among users of the service.
It was notable that the majority of posts were to the condition forums within which there was less emphasis on ‘Taking care of ourselves’
forums. The “Living with” forums are for “reaching out to others and
sharing your experiences. You are not alone with [the condition]”
whereas the ‘Taking care of ourselves” forum is about “What do you
do to take care of yourself? Here is a supportive forum where you can
share the things you do to feel good.” The difference in popularity of
the forums may reﬂect a focus by users not only on sharing the impacts
of the condition and seeking support but also on providing support to
those in distress rather than focusing speciﬁcally on communicating
positive strategies.” Moreover, it may be that some of the posts in the
“Living with” condition include sharing positive strategies as part of
the support provided by users to others. Recent research on a cancer
support group has found that members were less likely to respond to
messages expressing positive emotion (Lewallen et al., 2014). Thus,
the response patterns of members may encourage users to focus on negative content. On the other hand, the relatively high rate of posts to the
general forum comprising ‘Chit-Chat’ indicates that users were not solely focused on the negative effects of their condition. For active users
there was a positive relationship between posts to the condition and
general forums suggesting that these users were forming connections
that transcended their disorders. It is possible that such interactions
have a positive effect on mental health through the pursuit of safe but
normalising interactions at a time of the user's choosing. The latter
may be difﬁcult to sustain in the course of face-to-face interactions,
the timing and duration of which are less easily controlled and the nature of which may be less predictable and less supportive.
The large growth in posts relative to a smaller growth in new users
suggests that an increase in posts may generate greater engagement
among existing users. Recent research indicates that receiving online
problem- and emotion-focused support increases a person's willingness
to reciprocate by providing support (Lin et al., 2015). It has previously
been suggested that insufﬁcient activity may compromise the sustainability of support groups (Jones et al., 2004). Conversely, however, it is
thought that too much activity might discourage users by creating a
less personal space and information load among visitors (Jones et al.,
2004). Clearly, the current support group was still in the growth phase
after 5 years.
In the current sample, only 3.7% of users engaged with the bulletin
board for more than one year. It is instructive to compare this ﬁgure
with the distribution of users reported in the cross-sectional survey undertaken by Nimrod et al. (Nimrod, 2012) in which 40% of respondents
had been members for over one year. This raises questions about the use
of survey methodology to explore the characteristics of online support
groups. More particularly it casts doubt on Nimrod et al.'s conclusion
that participants in their survey were ‘quite representative of members

of online depression support groups' ((Nimrod, 2012), p. 1255). Nevertheless, both the latter study and the current study reported higher retention among older participants and neither reported a gender effect
on retention.
4.1. Limitations and future research
Although there was a consistent effect of user type on post frequency
and duration of usage, the effect was extremely weak. This suggests that
other factors not identiﬁed in the current study are the major contributors to differences in usage. A limited range of personal characteristics
were measured at registration. Future research should incorporate additional variables at registration (e.g., symptoms severity) to enable a
more comprehensive investigation of the predictors of usage and to
identify the factors which predict usage on online support groups.
The current study did not examine the relationship between user
characteristics or usage and outcomes, either positive or negative.
Even if ISGs are associated with an positive health outcomes at a
group level, or as reported previously that higher usage is linked to better outcomes (Houston et al., 2002), it cannot be assumed that the effects apply to all individuals. A substantial minority of users in a
research-speciﬁc ISG reported “feeling upset that they could not help
the other members of the ISG more” (29%) and ‘frustration that they
could not meet the other members of the ISG in person’ (17%) (Crisp
and Grifﬁths, 2016). Other studies of ISGs have reported the potential
for ‘a downward depressive spiral triggered by aggravated psychological burden’ (Takahashi et al., 2009) and one study reported an association between online forum use and increased suicidal ideation among
young people (Dunlop et al., 2011). Further, although an analysis of
user posts to BlueBoard are characterized by a predominantly positive
user perspective, potential disadvantages of participation occur when
an individual does not feel that they belong in the group due to the severity of their problems or other personal characteristics such as age
(Grifﬁths et al., 2015). Accordingly, there is a need not only to undertake
further investigations of ISG user characteristics, usage and outcomes
individually but also to examine how they interact and in particular
how a user's characteristics and ﬁt within the composition of the support group affect the outcomes of participation.
5. Conclusion
Online support groups attract consumers with depression and related disorders including young adults and those from rural and remote
areas. Although only a small minority of users were active, the evidence
from the current study suggests that a small group of regular users is
sufﬁcient to ensure the sustainability and growth of the group. Further
research is required to understand why so many support group members limit their contributions to one or a very small number of posts,
what factors predict and promote active engagement and long-term retention in virtual mental health communities and which if any user
characteristics and usage factors affect health outcomes.
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Chapter 5
Foreword
This chapter presents the third of five empirical studies included in this thesis and the second
of four that investigated an aspect of participation in BlueBoard followed by a comparative
analysis of differentially-engaged users.
This study focused on BlueBoard community structure through a social network analysis. It
sought to answer the questions:
RQ 4a: Are there sub-groups (modules) within the BlueBoard community structure that
comprise users who communicate with each other relatively more frequently than with
other users?
RQ 4b: Do users within the same sub-group share a higher degree of common characteristics,
including posting frequency in disorder-specific forums, than would be expected by
chance?
RQ 4c: Within each sub-group and with respect to the previously ascertained common
characteristic, are there systematic differences in that characteristic between higherand lower-engaged users?
In this study, all users in the network were divided into sub-groups (modules) based on a
modularity algorithm that optimises the density of connections (communications between
users) within sub-groups relative to between sub-groups. In order to extract any
commonalities and differences within and between the modules, the user characteristics
employed in Chapter 4 were entered as potential predictors of sub-group allocation in a
multinomial logistic regression, together with user registration date and posting frequency in
each of the disorder-specific forums.
The findings of this study suggest that high-engaged users are central to the network and
potentially drive the observed cohort-like structure given the timing of their registration
(significantly earlier than the median in each module). The fact that this structure does not
mirror the pre-existing structure of BlueBoard’s disorder-specific sub-forums informed the
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design of subsequent studies in this thesis and in particular highlighted the need to avoid study
designs that impose a structure on the data a priori, for example, by using a pre-formulated
coding scheme for analysing content. Consistent with the findings reported in Chapter 4, user
characteristics were again found not to be a strong predictor of differences in participatory
patterns. Thus, user characteristics were not used as a predictor in any subsequent studies in
this thesis, with the exception of the study in Chapter 7 which was restricted to consumers.

Note: The paper in this chapter makes reference to ‘[Personal communication by Kathleen M
Griffiths, 2016]’. This refers to the paper included in Chapter 4 that had been delayed.
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Abstract
Background: Little is known about the community structure of mental health Internet support groups, quantitatively. A greater
understanding of the factors, which lead to user interaction, is needed to explain the design information of these services and
future research concerning their utility.
Objective: A study was conducted to determine the characteristics of users associated with the subgroup community structure
of an Internet support group for mental health issues.
Methods: A social network analysis of the Internet support group BlueBoard (blueboard.anu.edu.au) was performed to determine
the modularity of the community using the Louvain method. Demographic characteristics age, gender, residential location, type
of user (consumer, carer, or other), registration date, and posting frequency in subforums (depression, generalized anxiety, social
anxiety, panic disorder, bipolar disorder, obsessive compulsive disorder, borderline personality disorder, eating disorders, carers,
general (eg, “chit chat”), and suggestions box) of the BlueBoard users were assessed as potential predictors of the resulting
subgroup structure.
Results: The analysis of modularity identified five main subgroups in the BlueBoard community. Registration date was found
to be the largest contributor to the modularity outcome as observed by multinomial logistic regression. The addition of this variable
to the final model containing all other factors improved its classification accuracy by 46.3%, that is, from 37.9% to 84.2%. Further
investigation of this variable revealed that the most active and central users registered significantly earlier than the median
registration time in each group.
Conclusions: The five subgroups resembled five generations of BlueBoard in distinct eras that transcended discussion about
different mental health issues. This finding may be due to the activity of highly engaged and central users who communicate with
many other users. Future research should seek to determine the generalizability of this finding and investigate the role that highly
active and central users may play in the formation of this phenomenon.
(JMIR Mental Health 2016;3(2):e20) doi:10.2196/mental.4961
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Introduction
Online peer-support is a popular source of health information
and social support. Findings suggest that in a 1-year period,
18% of the Internet users in the USA sought information online
that was provided by a peer [1] and 8% actively sought a
response or provided support to another peer by engaging in an
online health community [2]. Annually, 28% of Internet users
have sought mental health specific information online [3].
Consequently, Mental Health Internet Support Groups
(MHISGs) can comprise thousands of users who are actively
participating to varying degrees [4,5]. MHISGs are popular and
have high potential to play a role in the management of mental
illness. Research on MHISGs must address various questions
concerning the nature of MHISGs such as “Who uses them?”
and “How are they used?” in order to fully benefit from this
potential [6]. Recent research on the demographic characteristics
of MHISG users has identified differences in prevalence,
engagement, and retention of users with different characteristics,
such as age, gender, location and consumer or carer status
[Personal communication by Kathleen M Griffiths, 2016]. This
information is important in understanding to whom do MHISGs
have greater appeal. The willingness to engage and the outcome
of participating in the MHISG may be different for each user
depending on whom they interact with, however, it is also
important to understand the social dynamics of how users engage
with each other.
From a sociological perspective, the principle of homophily
suggests that those who group together, in this instance by
communicating most often with each other, tend to share
common characteristics [7]. If the premise of peer-support is a
shared experience, then it is plausible that homophily may be
an important underlying factor in the community structure of
the MHISG, that is, the community structure of the MHISG
may comprise various subgroups, each consisting of users with
higher proportions of shared characteristics than in other
subgroups.
Many characteristics may affect the formation of subgroups in
the MHISG, with some being more relevant than others. The
most commonly observed factors influencing the people in
interaction are age, gender, and location [3]. These factors are
also influential across large-scale online social networks [4].
Specifically, in the domain of MHISGs, there are other factors,
which may be important. Different mental health conditions are
characterized by different symptoms and experiences [8]. From
a psychological perspective, these are fundamental distinctions
and they form the basis for different treatments. One might
hypothesize that users in the MHISG with similar health
concerns would seek to interact with each other, that is, people
with depression concerns would provide peer-support to other
people with depression, and not anxiety. However, people
engaging in peer-support through MHISGs have the autonomy
to interact with whomever they choose. These naturally
occurring dynamics are currently unknown and a greater
understanding of this area is needed. This information may
empower community managers to take informed decisions
concerning the design of MHISGs. Understanding these natural
inclinations also provides a basis for future research to design

studies and form hypotheses about relevant factors, which if
altered, may affect the outcome of participation and
subsequently the potential utility of these communities.
To determine user grouping among the social network of the
MHISG, it is recommended to conduct an analysis of its
modularity [9]. Modularity is a measure that identifies subgroups
in a social network by applying an algorithm designed to find
a structure, which optimizes the number of communications
within each module compared with the number of
communications between different modules. The result of such
an algorithm is the assignment of nodes (users) to modules
(subgroups), which have a greater density of edges
(communications) between them compared with nodes in other
modules. It may be possible to use this algorithm in order to
determine subgroups of users who engage in higher amounts
of peer-support with each other than other users. Using these
groups as an outcome, it may be possible to determine whether
certain user characteristics are associated with those groupings.
To the best of our knowledge, no study has yet investigated
modularity in the MHISG. This study aims to determine the
community structure of the MHISG through modularity and to
explore the user characteristics associated with the resulting
structure.

Methods
BlueBoard
The data used in this study were obtained from the publicly
available
Internet
support
group—BlueBoard
(blueboard.anu.edu.au) established by the National Institute of
Mental Health Research at the Australian National University.
BlueBoard users must register and provide consent for their
data to be used for research in order to participate in the MHISG.
Peer-to-peer discussion on BlueBoard takes place anonymously
via forum postings, which cover a range of topics, including
depression (38.8% of posts), bipolar disorder (18.4%),
generalized anxiety disorder (5.0%), chitchat and general
discussion (22.1%), and other topics (15.7%). Posts dated
between October 1, 2008, and May 23, 2014 were included in
this study and were in a thread with posts given by two or more
users (n=130,582 by 2652 users). BlueBoard is moderated by
paid personnel who monitor content and enforce rules, for
example, by editing posts to remove personally identifying
information. BlueBoard moderators do not operate as facilitators
of conversation, but post content occasionally regarding rules
or other administrative matters. Moderator posts (n=352 by 10
moderators) were not included in the analysis. Data collection
procedures were approved by The Australian National
University Human Research Ethics Committee.
Measures. User characteristics included age (measured in 5 year
brackets, eg, 25–29); gender (female, male); type of user
(consumer, carer, other); location (capital city, other city, rural
or remote region); registration date; and the number of posts in
each of the subforums of BlueBoard (depression, generalized
anxiety, social anxiety, panic disorder, bipolar disorder,
obsessive compulsive disorder, borderline personality disorder,
eating disorders, carers, general (eg, “chit chat”), and
suggestions box).
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Age, gender, location, and type of user were self-identified at
the time of registration on BlueBoard. The last recorded activity
of users was not more than 1 month or 1 year post registration
for 86 and 97% of users respectively, thus suggesting that the
data likely remained accurate for the majority of users
throughout the period of the study. Data on age was grouped
into three categories (<25, 25–34, >34) for the analysis to
eliminate singularities in the Hessian matrix occurring in
brackets above 60 years, with low counts. The three age
categories contained approximately one-third of the users each.
The term “consumer” refers to a person with depression, anxiety,
or other mental health problems, and the term “carer” refers to
a nonprofessional carer. The frequency of the posts in each of
the subforums was tallied during the entire study duration, that
is, from October 1, 2008 to May 23, 2014 for all subforums
except the obsessive compulsive, borderline personality, and
eating disorder forums, which were established on the June 1,
2009, March 1, 2010, and July 30, 2012, respectively.

Data Analysis
Modularity. Social network analysis was undertaken using Gephi
0.8.2. software [10]. Edges within nodes were defined as
undirected communications between each user who had posted
in the same thread. The modularity algorithm utilized was the
widely-used Louvain method [11], which has the fastest
computational time of any comparable algorithm and excellent
performance in detecting communities [12]. The resolution was
set to the default value 1.0 as this provided the highest
modularity score (0.273).
Multinomial Logistic Regression. A multinomial logistic
regression analysis was conducted to determine the user factors

that were significantly associated with the modularity outcome.
There were 449 individuals who left at least one of the
demographic questions unanswered while registering for
BlueBoard. Little’s Missing Completely at Random test was
not significant, indicating that the data was missing completely
at random; accordingly, they were not included in the analysis.
Visualization. In order to explore the results patterns, graphs of
the data underlying significant effects were created using pivot
tables and charts in Microsoft Excel. To further explore the
temporal factor associated with the registration date, a dynamic
social network analysis was conducted. This required a
timestamp to be associated with the creation of each edge in the
social network. The time associated with the creation of each
edge was the time a user first posted content in a thread. This
edge was created only between the new user and users who had
already posted in the thread. A visualization of the edges being
created between nodes was generated using Gephi 0.8.2.
software and TechSmith Jing screen recording tool [13].

Results
Modularity
The modularity algorithm produced 11 separate modules (See
Table 1), out of which 6 modules contained less than 10 users.
The latter modules were isolated from the giant component of
the social network as they involved threads in which only new
users not connected to the larger social network posted. The
remaining 5 modules comprised between 328 and 954 users,
which made 1977 and 67,590 posts, cumulatively. All
subsequent analyses are concentrated on these five main modules
as outcomes.

Table 1. Module sizes
Module

N (%)

Posts

1

434 (16.4)

1977

2

954 (36.0)

15,954

3

393 (14.8)

39,720

4

525 (19.8)

67,590

5

328 (12.4)

5300

6

8 (0.3)

27

7

2 (0.1)

2

8

2 (0.1)

2

9

2 (0.1)

5

10

2(0.1)

3

11

2 (0.1)

2

Total

2652 (100)

130,582

Multinomial Logistic Regression
Multinomial logistic regression is used to finds the odds of being
allocated to each of the different dependent variable outcomes
based on a number of factors as predictors. In this analysis, the
outcomes were the five different modules. One of the outcomes
should be used as a reference category for comparison with the

other outcomes. In this case, we chose to use Module 4 because
its users had contributed the highest number of posts. This
decision was made before obtaining any knowledge regarding
the number order, we labeled them with. In multinomial logistic
regression each of the factors are used to predict the relative
odds of persons from the reference group and the comparison
group being allocated to each of the two groups as the predictive
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factors change. In this analysis, several significant effects were
found and each of the parameter estimates is shown in Table 2.
In this table, the odds ratios, which are the exponents of B, show
the relative odds of being allocated to each outcome group as
compared with the reference module (thus Module 4 is not
included).
With respect to all independent variables in the analysis as
predictors of the modularity outcomes, for each unit change,
the odds of a person being allocated to the comparison group
as opposed to the reference group changes by a factor of the
odds ratio. As such, an odds ratio of < 1 indicates that as the

score of the predictor increases, the odds of a person being
included in the comparison module decreases. An odds ratio >
1 indicates that as the score of the predictor increases, the odds
of a person being included in the comparison module increases.
Overall, the final model fits the data significantly better than
the null model (Chi square = 4146.4, p<.001). The classification
accuracy of the model was 84.2% and the effect size was large
(Nagelkerke R2= 0.891). The addition of one variable,
registration date, improved the model classification accuracy
by 46.3%. Without this variable, the effect size was much
smaller (Nagelkerke R2= 0.119).

Table 2. Significant parameter estimates for the multinomial logistic regression of registration date, age, gender, location, type of user, and frequency
of posts in the subforums on the dependent variable modularity.
Modulea

Predictor

B

Standard error

Wald

pb

Odds ratio

1

Registration date

-0.033

0.001

620.975

<.001

0.968

Subforum: depression

-0.048

0.018

7.063

.008

0.953

Subforum: carers

-0.782

0.280

7.834

.005

0.457

Registration date

-0.022

0.001

403.895

<.001

0.978

Subforum: generalized anxiety disorder

-0.082

0.028

8.402

.004

0.921

Subforum: borderline personality disorder

0.069

0.026

7.272

.007

1.071

Subforum: suggestions

0.437

0.217

4.061

.044

1.548

Registration date

-0.009

0.001

171.921

<.001

0.991

Subforum: suggestions

-0.165

0.075

4.750

.029

0.848

Registration date

0.008

0.001

149.971

<.001

1.008

2

3

5
a

Module 4 was used as the reference category

b

All effects degrees of freedom = 1

Registration Date. There was a significant parameter estimate
for the relationship between registration date and each of the
module outcomes as shown in Table 2. For comparing Modules
1–3 with the reference group, the odds ratios of registration date
have values < 1. This indicates that a person would be 0.968,
0.978, and 0.991 times as likely to be included in the groups
1–3, respectively, compared with the reference group (Module
4) for each day post registration. The opposite was true for
Module 5 relative to the reference group. This indicates that a
person would be 1.008 times more likely to be included in
Module 5 than Module 4 for each day post registration.
User Characteristics. Across the three demographic variables
and user type, there were no significant parameter estimates.
Frequency of Posting in Subforums. Based on the frequency of
posts in the 11 different subforums, there were 6 significant
parameter estimates across 5 different subforums. These are
shown in Table 2. For the comparison of Module 1 with the
reference group, the odds ratios reveal that posting more in
either the depression subforum or the carers subforum indicated
that a person was more likely to be included in the reference
group. For the comparison of Module 2 with the reference group,
the odds ratios reveals that posting more in the generalized
anxiety disorder subforum indicated that a person was more
likely to be included in reference group. The opposite was true

for posting in the borderline personality disorder subforum and
suggestions subforum. For the comparison of Module 3 with
the reference group, posting more in the suggestions subforum
indicated that a person was more likely to be included in the
reference group. There were no significant parameter estimates
for the frequency of posts in subforums in Module 5.

Visualization
Registration Date. The graph shown in Figure 1 displays the
number of users who registered with BlueBoard during each
month from October 2008 to May 2014. Users are grouped by
module. This graph supports the pattern of results found in the
regression analysis. It shows that the five modules have five
sequential time periods in which most of the users who signed
up during that period were classified within that group. The
distribution of new registrations in each of the four most recent
subgroups loosely resembles a normal distribution.
A video showing the sequence in which edges were created
between nodes is available as Multimedia Appendix 1:
BlueBoard social network growth time lapse. A graph
representing this dynamic visualization is displayed in Figure
2. Both show the progression of new communications occurring
between users of BlueBoard, primarily between users of the
same subgroup during each era progressing from 1 to 5.
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Figure 1. Number of new users who registered each month between October 2008 and May 2014, grouped by module.

Figure 2. Graphical representation of the sequence of edges created between nodes. Each node is represented by a colored circle, and the nodes are
colored according to their module. The size of each node corresponds to its degree (number of connections with other nodes). The layout was determined
by the algorithm ForceAtlas 2 [15]. This algorithm places nodes, which have more edges between them, closer together. The arrow on the graph gives
a general indication as to the order in which new edges are added to the network as time progresses.

Further Investigation of Registration Date
Since modularity was so strongly associated with registration
date, we initiated further analyses to investigate the other factors
associated with registration date that might explain the
modularity pattern. Based on research, which suggests that
online community development follows a life-cycle [14] and
that certain “core users” play a vital role from the inception of
that development [15,16], we hypothesized that there may be
highly active and central users whose registration date is earlier
than the majority of other users in each module. For this, we
tested whether the top 10 users in each module, ranked by (1)
total post frequency and (2) eigenvector centrality (a measure
of network centrality, which identifies the most influential nodes
[17]), registered significantly earlier than the median registration

date for each module. The results of these analyses are presented
in Table 3. For total frequency of posts, we found that on
average the top ranked users registered significantly earlier than
the median registration time in all five modules (α < .05). The
case for eigenvector centrality was similar, except for the first
module. This occurred despite the fact that, across BlueBoard
as a whole, there was no significant difference between the
average registration date of the top 10 users and the median for
either total post frequency (p=.40) or eigenvector centrality
(p=.39). In addition, there was no correlation between total post
frequency and registration date (Spearman rho = 0.01, p=.60).
Contrary to the pattern in each module, there was a significant
positive correlation between registration date and eigenvector
centrality (Spearman rho = 0.37, p<.001).

http://mental.jmir.org/2016/2/e20/

XSL• FO
RenderX

65

JMIR Mental Health 2016 | vol. 3 | iss. 2 | e20 | p.5
(page number not for citation purposes)

JMIR MENTAL HEALTH

Carron-Arthur et al

Table 3. T-tests of the mean difference (days) between the median registration date in each module and the average registration date of the top 10 users
ranked by (1) total post frequency and (2) eigenvector centrality.
Total post frequency

Eigenvector centrality

Module

Mean difference (days)

t

pa

Mean difference (days)

T

pa

1

272

-3.56

.006

140

-1.15

.28

2

317

-3.34

.009

293

-2.74

.023

3

145

-3.32

.009

123

-2.64

.027

4

347

-5.96

<.001

377

-8.56

<.001

5

55

-2.84

.019

137

-2.85

.019

a

All effects degrees of freedom = 9

Discussion
This study constitutes the first social network analysis of a
mental health Internet support group in which the community
structure was determined quantitatively through analysis of
modularity. We investigated whether several user characteristics
were associated with the resulting modularity outcome. The
findings of this analysis provide a new perspective on how users
engage in peer-support in MHISGs.

Principal Findings
We found that the community structure of the Internet support
group BlueBoard comprised five main modules. Although there
were several statistically significant parameter estimates across
the different factors for this outcome, registration date
contributed the most to the predictive power of the model.
Statistically and visually, this factor stood out in the results.
The pattern of results suggests that BlueBoard has progressed
through a series of generations or eras. There were some minor
differences in these generations in the degree to which their
users posted in different subforums, but these frequencies did
not differ substantially from the overall frequencies for
BlueBoard reported elsewhere [Personal communication by
Kathleen M Griffiths, 2016].
These results shed light on the nature of peer-support in
MHISGs. They suggest that people who join the MHISG may
communicate most with those who register around the same
time. While this is not surprising, an important finding is the
fact that registration date takes precedence over other factors
such as demographic characteristics and type of mental health
issue in predicting group membership in the MHISG. It raises
the possibility that the social interactions of MHISGs are not
largely affected by these characteristics. However, it is too early
to draw a definitive conclusion as other factors may underpin
the observed results.
In order to interpret the findings of this study, we considered
whether artificial factors may have impelled the observed
progression through each of the five subgroups. We considered
two salient factors—external advertising and internal structural
changes. Advertising of BlueBoard has occurred mainly via
links from online mental health information hubs such as
MindHealthConnect.org.au and bluepages.anu.edu.au. Following
BlueBoard’s establishment, postcard flyers were soon mailed
to general practitioners to be displayed in waiting rooms.

Subsequently, there has been a gradual increase in the number
of user registrations on BlueBoard. Therefore, recruitment did
not appear to be a probable explanation. Further, with respect
to internal sources, there were three subforums (obsessive
compulsive, borderline personality, and eating disorders) that
were introduced at different stages after BlueBoard’s
establishment. As there has been little uptake of these forums
and they do not correlate with the progressions between the five
subgroups, we did not consider this to be a probable explanation.
We are not aware of any other developments or improvements
that may have resulted in the observed findings. For this reason,
we focused on the pattern of results involving the date of
registration by highly engaged and central users in each module
relative to the majority of other users. This pattern suggests that
these users may have some role in the formation of this
generation-like structure. However, further research is needed
to test this hypothesis and to investigate if these findings
generalize to other MHISGs.

Related Research
This study involved the first analysis of its kind for the MHISG.
However, we are aware of a study involving an Internet support
group for diabetes, which conducted a similar analysis [18].
This study sought to determine if a modularity analysis could
be applied to an online health community and generate
meaningful results by creating a formula, which was designed
to measure the quality of the modularity outcome. This formula
was based on the principle of homophily [7], such that greater
similarity among the characteristics (eg, diagnosis) of users in
each module resulted in a higher score. The study found that
the modularity outcome was associated with the number of years
since a user was diagnosed with the condition, indicating the
time elapse since diagnosis was similar for users within each
module. If as might be expected, the time a person takes to join
an Internet support group after being diagnosed is relatively
invariant; the findings of this study may have implications for
our own. We did not measure time since diagnosis in our study.
However, it is possible that the significant effect of registration
date is confounded with and attributable to time since the
diagnosis period. Alternatively, the diabetes study results can
be explained by time of registration.
Our results suggested that type of health concern was not
strongly linked to modularity outcome. By contrast, Chomutare
et al.’s [18] formula produced a higher score for diagnosis of
diabetes type rather than the time since diagnosis, indicating
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that the former is the stronger determinant of the modularity
outcome. This apparent difference in results might imply that
the nature of peer-support in a mental health group is less
strongly determined by specific health concerns than in a
diabetes Internet support group. Alternatively, it could indicate
that time since diagnosis has a much smaller effect on the
modularity outcome as compared with the registration date in
a diabetes Internet support group, or both.

characterized by markedly different social dynamics.
Accordingly, further research focusing on a range of MHISG
types is required to gain a greater understanding of the
generalizability of the current findings. Future studies may
benefit by modularity in MHISGs to collect and analyze a
greater array of user characteristics including diagnosis, time
since diagnosis, symptom severity, digital skills, and other
characteristics that may reveal motivations of the “core users.”

The Role of Highly Active and Central Users in
MHISGs

The role of highly active and influential members is an important
area for future research. There are multiple ways of measuring
participation in an online health community including some
specifying peer-leader roles [20]. We used broad measures in
this study (posting frequency and eigenvector centrality), which
may not capture the specific nature of different individuals’
contribution to the observed results. Future research with a more
specific focus may consider other predefined peer-leadership
roles such as “hubs” and “community builders,” who being high
frequency posters, are also known for connecting many users
and maintaining conversation, respectively [20]. In MHISGs
where the identity of users is not anonymous, the role of users
who act as hubs or bridges across multiple social networks
should also be considered [21,22]. Concurrently, it is also
important to understand which characteristics are associated
with users who take up these roles. We recently conducted a
study of BlueBoard to investigate the user characteristics
associated with higher engagement than a single post [Personal
communication by Kathleen M Griffiths, 2016], with consumers
being found to be more highly engaged than carers. Further
research is required to investigate the factors predicting the very
highest levels of user engagement and other measures of
peer-leadership in online health communities [20]. One previous
study has compared the characteristics of the top 1% of users
(“superusers”) ranked by posting frequency across two smoking
cessation Internet support groups and found no differences
between them [23]. A study with higher statistical power may
be required to detect significant differences and common
characteristics among such a small group of users. As super
users are communicating with people who have a range of
different mental health concerns, it is possible that super users
have multiple or more complex diagnoses, which enable them
to relate to and support the other bulk of users who have more
specific issues or one-time needs for peer-support. Alternatively,
they may have conditions such as bipolar disorder, which result
in high activity levels with greater engagement in the
community.

The observed pattern of highly active and central members
registering early in each group in our study is consistent with
research which suggests that these users play a vital role in the
development of the community at an early stage [16]. The
broader literature on online health communities report that “core
users” engage in activities of building community by, for
example, welcoming newcomers and communicating with many
different people [16]. This finding was based on action research
on the community #hcsmca and was followed by a quantitative
study of the same community, which suggested that core users
could be identified as those who have the highest frequency of
posts and network centrality [15]. A prospective study of a
depression Internet support group suggests that these core users
are veterans of the community who increasingly become “active
help providers” after an initial period in which they are
supported by the others in the community [19]. Thus, the
findings from the current study interpret that each module
represents an era in which several highly active users
communicated with many other new users who registered at the
same time regardless of whether they had similar characteristics
(as measured in this study) or not, and that these core users
played a key role in sustaining the community over time.

Limitations and Future Research
Although BlueBoard contains a range of subforums for different
mental health topics, BlueBoard is predominantly used for
discussion on depression. Thus, the generalizability of the
current findings to other MHISGs is uncertain and in particular
the modularity outcome may differ in MHISGs, which have an
evenly spread distribution of posts across different mental health
conditions. BlueBoard does not contain subforums for all types
of mental health issues. Given the possibility that some forums
are, therefore, not used for their intended purpose, the pattern
of results may differ in MHISGs with a different variety of
subforums. A more refined representation of the social network
could also be achieved through collection of systematic data on
directed communications between users.
The demographic characteristics of BlueBoard users [Personal
communication by Kathleen M Griffiths, 2016] are similar to
those of depression Internet support groups reported elsewhere
[19]. However, the applicability of the current findings to
MHISGs comprising members with markedly different
demographic characteristics, such as those dedicated to young
people, is unknown. MHISGs including medical professionals
as moderators and or active participants might also be

Conclusion
The community structure of the Internet support group
BlueBoard comprised five main subgroups that occurred in
sequence resembling generations of the MHISG. These groups
were largely invariant in their demographic characteristics and
the extent to which they communicated about different mental
health issues. The community structure formation may be related
to the contributions of the most active and central users who
registered early as compared with other users in each group.
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Chapter 6
Foreword
This chapter presents the fourth of five empirical studies included in this thesis and the third of
four that investigated an aspect of participation in BlueBoard followed by a comparative
analysis of differentially-engaged users.
This study focused on the content created by users, applying an objective, automated
machine-learning algorithm to identify topics based on the frequency of the co-occurrence of
words in the board posts.
The study sought to answer the following questions:
RQ 5a: About what topics do BlueBoard users communicate?
RQ 5b: Are there systematic differences in the degree to which users with different levels of
engagement write content pertaining to each of these topics?
RQ 5c: Do these differences change when higher-engaged users are communicating with
lower-engaged users as opposed to communicating within their own grouping?
Unlike the community structure analysis in Chapter 5, the topics that were identified in this
study reflected at least in part the disorder-specific structure of BlueBoard’s sub-forums.
However, it was found that the low-engaged users tended to write more content on these
disorder-specific topics. The high-engaged users were found to be more likely than other users
to write content resembling a consumer-defined perspective of recovery (see Chapter 1
discussion), but the focus was observed to shift to disorder-specific topics when responding to
low-engaged users.
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What’s all the talk about? Topic modelling
in a mental health Internet support group
Bradley Carron-Arthur* , Julia Reynolds, Kylie Bennett, Anthony Bennett and Kathleen M. Griffiths

Abstract
Background: The majority of content in an Internet Support Group (ISG) is contributed by 1 % of the users (‘super
users’). Computational methods, such as topic modelling, can provide a large-scale quantitative objective description of
this content. Such methods may provide a new perspective on the nature of engagement on ISGs including the role
of super users and their possible effect on other users.
Methods: A topic model was computed for all posts (N = 131,004) in the ISG BlueBoard using Latent Dirichlet Allocation.
A model containing 25 topics was selected on the basis of intelligibility as determined by diagnostic metrics and qualitative
investigation. This model yielded 21 substantive topics for further analysis. Two chi-square tests were conducted separately
for each topic to ascertain: (i) if the odds of super users’ and other users’ posting differed for each topic; and (ii) if for super
users the odds of posting differed depending on whether the response was to a super user or to another user.
Results: The 21 substantive topics covered a range of issues related to mental health and peer-support. There were
significantly higher odds that super users wrote content on 13 topics, with the greatest effects being for Parenting
Role (OR [95%CI] = 7.97 [7.85–8.10]), Co-created Fiction (4.22 [4.17–4.27]), Mental Illness (3.13 [3.11–3.16]) and Positive
Change (2.82 [2.79–2.84]). There were significantly lower odds for super users on 7 topics, with the greatest effects
being for the topics Depression (OR = 0.27 [0.27–0.28]), Medication (0.36 [0.36–0.37]), Therapy (0.55 [0.54–0.55]) and
Anxiety (0.55 [0.55–0.55]). However, super users were significantly more likely to write content on 5 out of these 7
topics when responding to other users than when responding to fellow super users.
Conclusions: The findings suggest that super users serve the role of emotionally supportive companions with a focus
on topics broadly resembling the consumer/carer model of recovery. Other users engage in topics with a greater focus
on experiential knowledge, disclosure and informational support, a pattern resembling the clinical symptom-focussed
approach to recovery. However, super users modify their content in response to other users in a manner consistent
with being ‘active help providers’.
Keywords: Internet support group, Mental health, Topic modelling, Latent Dirichlet Allocation, Super users, Peer-support

Background
Online peer-to-peer communication is a popular source
of health information and support. Recent research on
Internet users in the USA found that 18 % of people had
used the Internet in the last year to find information from
a peer with similar health concerns [1]. Furthermore, 8 %
of all Internet users had engaged in peer-support by either
posting a question or sharing information based on their
personal health experience [2]. Mental health concerns
are a major component of this health information seeking,

with 28 % of all Internet users having sought mental
health information online [3].
Given this popularity, there has been interest in
determining whether Internet support groups (ISGs) are
effective in reducing depressive symptoms. A systematic
review of ISGs encompassing all types of health conditions
failed to find convincing evidence that online peer-to-peer
support was associated with a reduction in depressive
symptoms [4]. Moreover, a review of depression ISGs
specifically reported that there was a paucity of evidence
concerning the effectiveness of depression Internet support
groups for symptom reduction [5]. More recently, a randomised controlled trial of a depression ISG has provided
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of ISGs, the highly engaged user is likely to be an important
contributor to the effectiveness of ISGs.
In a systematic review of studies investigating participation styles in online health communities, we found that the
peer-leader phenomenon has been measured in a number
of different ways in the literature [16]. However, the role of
the peer leader has been most commonly operationalised
as high posting frequency. For example, the top 1 % of
users, labelled “superusers”, have been observed to contribute around 75 % of all posts in the ISG [12, 17, 18]. In our
review we noted that studies commonly attributed high
value to the contributions of high-posting users despite the
fact that a priori, posting frequency does not in of itself
necessarily contribute value to the community [16].
In an attempt to develop a more nuanced index of post
frequency that factored in post quality, Preece [19] recommended counting only posts which were “on-topic”. This
measure would appear to be preferable to an unadjusted
frequency count. However, it assumes that posts can be
validly dichotomised into ‘on-’ and ‘off-’ topic, a premise
which is questionable in a mental health ISG where each
person’s lived experience and needs can vary, and the
relevance of a post will depend on the perspective of the
reader. It may be more helpful to conceptualise posts as
being relevant to varying numbers of people and to
measure how many people engage in each of the various
topics. More particularly, given the large number of posts
created by super users, there may be value in investigating
if and how the topics and frequency with which they are
discussed differ between super users and other users of the
ISG, as well as comparing the responses of super users to
fellow super users with their responses to other users.
Identifying similarities and differences in the degree to
which various topics are discussed by super users and others
may indicate if the majority of post content is aligned with
the interests of the majority of users. This may provide an
indication of the role that super users are performing with
respect to supporting other users. Thus, rather than asking,
“What is a more accurate measure of peer-leadership than
posting frequency”, it may be more informative to ask, “Of
what topics is the volume of posts in a mental health ISG
comprised?” and, “How and in what circumstances does the
frequency with which different topics are discussed vary between super users and other users?”.

high quality evidence of depressive symptom reduction [6].
However, further research is required before firm conclusions can be drawn about the effectiveness of depression
ISGs. It has been suggested that mental health internet
support groups (MHISGs) increase the user’s sense of empowerment [7] and such support groups are widely used in
conjunction with other psychoeducational and therapeutic
Internet interventions with the aim of promoting engagement [8]. More recently, a randomised controlled trial
demonstrated that a depression ISG was associated with
increased empowerment, self-esteem and perceived quality
of life relative to a control condition [9].
Complementary to work focused on the effectiveness of
MHISGs, another stream of research has been concerned
with understanding the nature of ISGs [10]. Such understanding is vital to informing practice and policy to promote the growth and sustainability of ISGs [11]. Research
on the nature of these peer-to-peer groups is also needed
to identify what elements of the groups are responsible for
fostering user empowerment, and what components might
be enhanced to increase the potential effectiveness of ISGs
for symptom reduction. In a series of studies on the nature
of the Australian ISG BlueBoard, we have so far investigated the distribution of user engagement across the ISG
[12], characteristics of users which predict user engagement
and retention (Griffiths KM, Carron-Arthur B, Reynolds J,
Bennett K, Bennett A: User characteristics and usage of an
open access moderated Internet support group for
depression and other mental disorders: A prospective study,
Submitted) and the community structure of the ISG [13].
This research has shown that more highly engaged users:
post vastly more than their peers in a distribution that follows Zipf’s law (inversely proportional relationship between
rank and frequency) [12]; tend to be consumers rather than
carers (Griffiths KM, Carron-Arthur B, Reynolds J, Bennett
K, Bennett A: User characteristics and usage of an open access moderated Internet support group for depression and
other mental disorders: A prospective study, Submitted);
tend not to be less than 20 years old (Griffiths KM, CarronArthur B, Reynolds J, Bennett K, Bennett A: User characteristics and usage of an open access moderated Internet support group for depression and other mental disorders: A
prospective study, Submitted); and join earlier than the
peers with whom they most often communicate, leading to
the formation of sub-communities within the MHISG [13].
This research has highlighted the importance of peerleaders who are highly engaged and who communicate with
many other users. These findings are also consistent those
from a previous survey of MHISG users which found that
highly-engaged users identify themselves as ‘active help providers’ [14]. Based on a content analysis of user posts, it has
been found that highly active users provide higher levels of
social support than other users in the MHISG [15]. If social
support underpins improvements in outcomes among users

Content analysis

To date, most studies of the content of MHISGs have used
human judges and pre-formulated coding schemes to
manually classify different types of peer-support. A review
of depression ISGs conducted in 2009 found that all eight
of the studies which analysed content had used this method
[10]. This includes typologies such as the Cutrona Support
Behavior Code [20] and other systems [21, 22] which
although differing somewhat generally involved common
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and other users of a MHISG. Our objective was to
compare quantitatively the differences in frequency with
which these groups of users write about various topics
(as determined by LDA). We sought to compare the
difference between the two groups as well as the
difference between the responses made by super users in
threads initiated by fellow super users compared with
their response to threads initiated by other users.

categories such as: disclosure (revealing personal information about oneself); emotional support (showing empathy
and concern, and offering affection and encouragement);
companionship (engaging in activities with a person to
communicate a sense of shared belonging); information
support (providing helpful information); and cognitive
guidance (advice, offering a new perspective from which to
think about an issue).
In contrast to the manual methods outlined above,
computer-aided methods have provided new ways of processing linguistic content which enable themes to be automatically and objectively detected in text on a large scale.
One method which has been widely used is Latent Dirichlet
Allocation (LDA) [23]. LDA is a topic modelling algorithm
which determines latent topics across a corpus of text based
on the distribution of words across the documents which
make up the whole corpus. Words which co-occur in individual documents frequently across all the documents of
the corpus are allocated to categories which represent a latent topic. LDA is an unsupervised machine learning
method in which the algorithm derives the topics without
using a training dataset. This contrasts with supervised machine learning in which an analyst teaches the algorithm to
classify particular content. The two methods contribute different utility, with unsupervised methods such as LDA being particularly useful where the analyst is seeking to
generate a summary of the data that is unbiased by human
input, although the analyst may adjust some parameters
such as the number of topics to be discerned. The output,
referred to as topics, takes the form of groups of words ordered by their probability of occurring in that topic. The algorithm also computes the proportion of each document
that is made up of each topic.
Several previous studies have used LDA to analyse
MHISGs [24, 25] and peer-to-peer conversations about
mental health in other online communities such as Twitter
[26], Facebook [27] or other blogging sites [28]. These
studies have shown that automated algorithms can be used
to differentiate between the content of mental health specific communities and the content of other ISGs or online
conversations [24, 26]. Furthermore, studies have successfully used the metrics obtained from these methods to
make predictions about the diagnosis or symptom severity
of users [27, 28]. One study [25] showed that it was possible to detect significant differences between the written
content of highly-socially-connected users and other lessconnected users. However, these studies were focussed on
demonstrating the capability of the tools to differentiate
between users. They did not analyse the nature of those
differences in a manner that might increase our understanding of the social dynamics in a MHISG.
In the current study, we aimed to ascertain the
predominant topics of discussion and investigate the
nature of differences in content produced by super users

Method
Data

Data for the current study was drawn from the log data of
the Internet support group BlueBoard (blueboard.anu.
edu.au). The dataset has been described previously [12, 13,
(Griffiths KM, Carron-Arthur B, Reynolds J, Bennett
K, Bennett A: User characteristics and usage of an
open access moderated Internet support group for
depression and other mental disorders: A prospective
study, Submitted)]. Briefly, the data covered the period 1
October 2008 to 23 May 2014, in which 131,004 posts
were made by 2932 users.
The Internet support group: BlueBoard

This service was provided by the Centre for Mental Health
Research at The Australian National University. BlueBoard
comprised 10 forums in which users communicated about
a range of mental health issues, including: eight condition
specific forums (in order of usage - depression, bipolar disorder, generalized anxiety, social anxiety, borderline personality disorder, eating disorder, panic disorder and
obsessive compulsive disorder); one forum dedicated for
carers of people with mental health issues; and one forum
for general discussion. BlueBoard was first established in
2003 as a mood disorder group. It was closed in 2007 and
2008 due to lack of funding and re-established on 1 October 2008, but closed again on 30 June 2016. This second iteration of BlueBoard, from which the current data is
drawn, did not include the content or registrations of previous users. Although BlueBoard provided a service, it was
also designed with the aim of being used for research purposes. Moderators did not actively participate in any of the
forums. Rather they enforced rules, for example, by editing
posts to remove any personally identifying information,
and alerting the infracting user via a private notification.
Thus the data comprises content which is solely authored
by BlueBoard users. BlueBoard otherwise includes features
similar to other Internet support groups such as the ability
to quote other users in posts and the provision user information (total posts and registration date) displayed beside
the username of each post’s author.
Analysis

Our analysis entailed two parts. In Part 1, a computeraided content analysis was implemented using LDA in
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occurred most frequently and the posts in which the topics
were highly prevalent to validate their nature. Based on this
combination of qualitative, quantitative and domain knowledge, we concluded that a model with 25 topics was the
most intelligible. However, there were four ‘junk’ topics
among these for which a meaningful interpretation could
not be identified. This included two topics which had low
coherence scores relative to the other topics (eg, “back
head pain put water body eyes cold cat front”) and two
topics which had low specificity (distance to corpus scores)
(eg, “back told time thought home felt day friend wanted
asked”), although coherence and specificity scores were not
used as executive criteria for exclusion. After excluding the
four meaningless topics, the final model included 21 topics.
Labels were assigned to each topic by BC with the assistance of the MHISG manager (JR) who provided domain
expertise based on the overarching concept apparent in
each topic’s word list and by perusing posts that were
comprised predominantly of each single topic.

order to model the predominant topics in BlueBoard post
content. The output of this analysis included word lists
which represented each of the identified topics as well as
the proportion of words in each of the 131,004 posts that
were from each topic. We converted these proportions to
word frequencies in order to differentiate between posts
with equal proportions but different word counts. In Part
2 of the analysis, we determined the degree to which the
content of super users differed from that of other users in
each of these topic categories.
Part 1: Identification of topics and sentiment

The LDA analysis [23] to model topics was implemented
using Mallet software with hyperparameter optimization
enabled [29]. The analysis was conducted using each
post as a separate document over which the distribution
of topics was to be determined. The standard Mallet
stop-word list containing very common English words
was used to exclude such words from the analysis.
Additionally, 18 contractions of common words (e.g.
you’re) and the words ‘thing’ and ‘things’ were excluded.
Our objective in developing a topic model was to
provide an intelligible representation of the type of content
BlueBoard comprises. We therefore sought to model topics
in the corpus at a level of granularity that was neither too
broad nor too specific. Accordingly, selection of an appropriate number of topics was carried out by author BC following a method developed for this purpose by Evans [30].
We implemented the LDA analysis iteratively, modelling
between 10 and 100 topics in increments of 10.
In the first of three phases of the analysis, we investigated
the intelligibility of these models based on qualitative investigation of the word lists comprising each topic. In models
containing more than 30 topics, we observed some duplications of topics where the meaning of the keywords was
overly similar. For example, in the model containing 40
topics, the topic Livelihood split into two topics with top
ranked words “Money, time, pay, day” in one and “work,
job, week, working” in the other. This degree of redundancy
in a model with more topics was judged to be less
intelligible. Below 20 topics, we observed mergers of clearly
distinguishable topics which were distinct in models with
higher numbers of topics. For example, the topics Therapy
and Livelihood were observed together in a single topic
with top ranked words including “work, job, psych, health”.
In the second phase of the LDA analysis, we incorporated the quantitative measures of each topic’s coherence
[31] and specificity (distance to corpus score) [32] provided
by the Mallet software diagnostic output. We used these in
models of 20, 25 and 30 topics to flag topics which initially
seemed substantive, but which were possibly incoherent or
similar to a representation of the entire corpus.
In the third and final phase of the LDA analysis, we used
domain knowledge of the context in which the topics

Part 2: Comparison of topic and sentiment expression
across user groups

Users were divided into “super users” (the top 1 % of users
by posting frequency) and “other users” (the remaining
99 % of users). As shown in Table 1, the 29 super users
contributed just under three times as many posts in total as
the 2903 other users, but their individual posts contained
significantly fewer words (a difference of 35 words between
medians; Mann–Whitney U = 1.23 x 109, p < .001). In total,
other users initiated more than twice as many threads as
super users. Super users contributed more than four times
as many posts to the threads that were initiated by fellow
super users than to the threads of other users. Other users
contributed three times as many posts to threads initiated
by fellow other users than to threads of super users.
To determine the nature of the content contributed by
super users we conducted two chi-square tests for each of
the 21 topics. In the first, we analysed all posts, comparing
the odds that the two different user group’s posts contained content from each topic. In the second, we analysed
only super user posts. We similarly compared the topicspecific odds of posts written by super users in response
to super users with those that super users wrote in
response to other users. We used a Bonferroni correction
Table 1 User groups
Super users (n = 29) Other users (n = 2903)

75

Total number of posts

96,896

34,108

Total threads initiated

2133

4607

Posts in super user threads 79,584

8,358

Posts in other user threads

25,750

17,312

Mean (sd) post word count 70 (114)

110 (143)

Median post word count

67

35
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to adjust for multiple comparisons (n = 42). Thus a value
of p < .001 was required for statistical significance.

Table 2 The 10 most frequently occurring words in each topic

Results

Social Relations

8.21

people person make feel good time
understand life relationship wrong

Depression

7.20

depression feel people friends time
years life anxiety work year

Anxiety

7.09

feel feeling anxiety bad time hard
head thoughts sick day

Recovery Journey

6.11

life love feel pain world heart time
hope find day

Daily Functioning

5.09

day sleep night today good work
bed time morning tomorrow

Affection

5.01

hugs hope big good love thinking
xxx hear hug happy

Family

4.83

family daughter kids mum mother
son husband parents time children

Therapy

4.56

health mental good support
psychologist therapy find talk psych
psychiatrist

Medication

4.32

meds medication anxiety taking side
depression effects weeks doctor dose

Mental Illness

4.13

people mental illness bipolar good
depression disorder life problems
important

BlueBoard

4.03

post read thread write writing posts
squad mod people reading

Positive Change

3.34

life time years happy great love
wonderful world part important

Co-created Fiction

2.85

[username]a eyes back [username]a
head hand face tears water ship

Livelihood

2.79

money work job people pay
Centrelinkb government system
Australia health

Chat

2.72

lol beer dog cool awesome love
gonna yeah [username]a [username]a

Parenting role

2.63

kids bit [username]a time school life
stuff kinda mum daughter

Bipolar

2.50

bipolar depression mood disorder
manic diagnosed meds normal
mania diagnosis

Philosophy

1.97

world brain mind people god human
women science society power

Entertainment

1.61

music love song play movie good
watch book playing songs

Food and Drink

1.58

eat food tea eating water chocolate
coffee good chicken drink

Drugs and Alcohol

1.14

alcohol drink drinking smoking shit
drugs smoke drug stop weed

Topic Label

Proportion of Top 10 most frequent words
corpus (%)

Part 1: Identification of topics

The 10 most frequently occurring words in each of the
21 topics produced by the LDA analysis are shown in
Table 2. The topic comprising the largest percentage of
the corpus was Social Relations, making up 8.21 % of all
words in the collection (excluding stop words).
The distinctiveness of several topics was apparent
directly from the word lists output by the LDA analysis.
Their nature was evident from the presence of multiple
words with a common theme. These topics were
Medication, Therapy, Livelihood, Entertainment, Family,
BlueBoard, Food and Drink, Affection, Bipolar, Anxiety,
and Drugs and Alcohol. Table 3 presents a short quotation from the corpus to illustrate each of these topics.
The nature of other topics was more apparent once
the words were contextualised by perusing posts for
which the topic made up the majority of the content and
by incorporating the domain expertise of the BlueBoard
manager. Table 3 presents quotations that provide the
context for interpreting these topics.
Three topics (Parenting Role, Co-created Fiction and
Chat) almost exclusively involved super users. The usernames that were included in the word lists for these topics
were those of the super users who were known to regularly
engage in conversations on these topics. Parenting Role
largely comprised conversation about managing one’s
parental responsibilities while also managing one’s mental
illness. Co-created Fiction comprised words and usernames
which were frequently included in stories narrated in the
third person by a particular sub-group of super users. The
stories were imaginary journeys in which the users
underwent heroic challenges and supported each other.
Chat comprised words that were highly typical of conversation in the largest thread on BlueBoard – “The Beer
Garden”. This was a user-established thread which users
visited for companionship and to socialise.
The topic Mental Illness comprised meta-level content
referring to mental illness in general terms. It differed from
the topics Bipolar, Anxiety and Depression which comprised content which was more specifically about the individual’s personal experience of these illnesses. The topic
Depression was particularly exemplary of this, comprising
many words that were not semantically related, but which
were experientially related to depression. The topic Depression had the lowest specificity (distance to corpus
score) of all the topics, signifying that of all the topics it
was the most similar to a random selection of words from
the whole corpus. The most frequently occurring word
was depression itself. However, based on the other words
in the list, it appears that the topic comprised a broader

a

In accordance with the study ethics protocol usernames have been omitted
Centrelink is an Australian Government organisation which provides social
services and welfare payments

b

notion of depression than the clinical definition, encompassing themes of dysphoria and social isolation which
may be common among people seeking social support.
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Table 3 Quotations exemplifying the nature of each topic
Topic

Exemplary quotations

Social Relations

“I can see now that I have been in controlling relationships but I'm not weak enough to just accept it & not strong enough to
stand up for myself enough.”
“In life friends come and go, its the natural order, and if people are in a better place then it is a good thing.”

Depression

“Um, hi. I'm new to this website, so I just wanted to share a bit about myself. I've dealt with depression for almost four years of
my life now (I am 18) and also have social anxiety. I have no one to talk to in my life because most of my friends are all too busy for
me apparently… Anyway, I could go on forever about my depression and my story, but I won't bore you guys.. (just yet;)

Anxiety

“I've always struggled with stress & anxiety, and have had mild panic attacks in the past. But what I have tended to do lately is
be 'triggered' by something, then get really emotional, cry, stress out, non stop thoughts, at time weird breathing etc.”

Recovery Journey

“I am strong because I am weak. I am beautiful because I know my flaws. I am a lover because I'm a fighter. I am fearless
because I have been afraid. I am wise because I have been foolish… And I can laugh because I've known sadness”
“Hi [username] My thoughts and feelings are very much the same, but i was put on this earth for a reason and I'm sure it was
not to suffer for my whole life, there is happiness out there I believe that otherwise what is the point of being here”

Daily Functioning

“Hi guys, Had a pretty lame day today. Because I got so little sleep last night (~3 h), I ended up getting my daughter an extra
day at childcare. Then I was supposed to be productive, but got almost nothing done all day. My anxiety has really “re-generalised”
lately… Will see how I go with work tomorrow… I'm not feeling too bad really despite today… Just feeling tired… More sleep
tonight will help”

Affection

“Hi sweetie, Big hugs to you, sounds like a hard day Know what, I don't think we've been introduced…I'm [username], welcome.
Can't imagine how tough it would be, hang in there, sending hugs and happy vibes your way.”

Family

“It pains me to read about families that do not support each other! I realize i have been fortunate to be raised by loving parents
and be able to become a good parent to my now grown children. I love to see my children support each other and continue
the close bonds that have formed over the years. I wish this was possible for all families.”

Therapy

“I really find it hard to talk in therapy. I just feel that the therapist does not feel the same way as I do so there is no way he can
relate. That is why I decided to come here.”

Medication

“Hi I have anxiety (OCDs) and depression. I am currently on several medications - 1 week ago I increased Zoloft (Sertraline) to
200 mg, prior to that 50 mg - 150 mg over 4 weeks. My question is has anyone on BB had experience with Zoloft and know
how long it takes to kick in?”

Mental Illness

“Reading as you do, [username], will help you on your journey. I have been doing what you are doing now for many years. I have
changed my mind many times and considered the biological, environmental and psychological forces of what we call bipolar.
“Dear [username], you are right. People with a mental illness are under represented in research. Not many of us are able to do
research on mental illness. There are many reasons for this”

BlueBoard

“Hey [username] :) Great to see you posting again. To find the thread about new avatars, go to the Blueboard Notices forum, Sub-forum
Blueboard Notices, thread titled Image and Photo Posting. The last post on that thread explains how to upload custom avatars.”

Positive Change

“I am deeply proud to be a member of this wonderfully diverse community of individuals, linked by mental health issues and yet
so different in life circumstances. We all have so much to offer each other by sharing our lives, our trials and triumphs. I am a
better person for having the good fortune of being introduced to you all through BlueBoard. Humbly and wholly, I offer up my
thanks to you all”
“Truth be told, my friend, I would not want you to take away my pain. It is an important motivator in my life, an important
process. I do not identify myself through this pain, but it acts as a catalyst for change in my life. From this great perceived
negative, I am reborn into the positive”

Co-created Fiction “[username] gives out an audible cry of fear, [username] is instantly at her side, arm around her, dagger in hand. She hugs
[username], eyes fixed on the flaming bird of destruction which is almost upon them. The crew shouts increase as they prepare
the cannons and water down the ship”
“Tears fall onto her lap like a waterfall, she hides her face in her hands sinking back to the wet wood soaked from her tears.”
Livelihood

“Hi [username], if you have some financial trouble and need some money to fix your car there are government organization
who can lend you some interest free money.”

Chat

“We should have beer garden day. lol everyone sitting around in their backyard beer gardens or out at beer gardens”
“[username] is BACK!!!!!!! Woooooooo hoooooooooooo!!!! :D :D :D Hasn't been the same without you! This calls for an undies-onhead dance! [username]!!! Get thee to the Beer Garden STAT!!!

Parenting role

“School excursion tomorrow. daughter is sooooooooo excited. oh crap- i didnt organise everything- usually i do that on Thursdaybut i should have done that tonight- after school snack, footy stuff and piano stuff as well as breakkie and getting kids ready.”
“Im sure those routines will need adjusting etc.- but its kinda what we do, try to do or what we want to do. so… thinking a bit
of time management might make it all happen more. and it fits around after school things”

Bipolar

“For me it varies quite a lot. I can go lengthy periods where everything is fine and episodes are infrequent though long when
they do hit. At other times, I cycle more rapidly and can go from depression to mania with no balanced state in between.”

Philosophy

“Physics postulates that there are an infinite number of parallel universes in existence, all of them either subtly or vastly different
from each other. Psychology and Philosophy confirm this, every one of us is a parallel universe of subjective reality, uniquely
coexisting with the others.”
“In it's simplest form, this is kind of my thesis: In societies dominated by patriarchal attitudes, cautionary tales often depict
powerful women as physically and emotionally ugly… which greatly disadvantages women in society striving for power”
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Table 3 Quotations exemplifying the nature of each topic (Continued)
Entertainment

“The song in free to listen to on uT on the net. Most of his songs are. Tony Joe White is one of my favorite singers.”

Food and Drink

“I was wondering if anyone here enjoys cooking? I am trying to make meals which have more vegetables and healthy foods”

Drugs and Alcohol “im so blerrrrr, spent so much, trying to keep the boredom away too much boose too much smoke just to get myself out of
bed i had to dilute myself, deression is hell”

Fiction, Mental Illness, Positive Change, Chat,
Philosophy, Affection, Entertainment, Recovery
Journey, Food and Drink, BlueBoard, Livelihood,
and Family. The largest discrepancy was for the topic
Parenting Role, with the odds of super users posting
on this topic being 7.97 times that for other users.
There was not a significant difference in posting by the
two user groups for the topic Drugs and Alcohol.
(ii)Super user responses to super user vs other user
threads (posts by super users only)
The number of words written by super users on
each topic in response to fellow super users
compared with responses to other users is shown in
Fig. 2. On each topic, super users wrote more content
in response to fellow super users than other users.
Results of chi square tests comparing the odds of
response for the two types of responses are shown in
Table 5 for each topic. Odds were significantly lower
for responses to super users compared to responses
to other users for seven topics: Therapy, Medication,
Bipolar, Depression, Social Relations, Mental Illness,

Part 2: Differences between user groups in frequency of
topic expression

(i) Super user vs other users: across all posts
The total number of words written by each user group
on each topic is shown in Fig. 1. It can be seen that for
all topics other than Depression and Medication, super
users wrote more content than other users.
To investigate the relative inclinations of users to
write content on each of these topics, we compared
the odds that their content was ‘on’ versus ‘not on’
each topic. The results are shown in Table 4. Super
users wrote relatively less than other users on seven
topics: Depression, Medication, Therapy, Anxiety,
Bipolar, Daily Functioning and Social Relations. For
example, the odds that super users incorporated
content containing words from the topic Depression
were one-quarter that of the odds that other users
incorporated such content. Conversely, the odds that
super users wrote content were significantly higher
for 13 topics. These were Parenting Role, Co-created

Fig. 1 Total frequency of words written on each topic by super users and other users
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and Positive Change. The largest discrepancy was
for Therapy, which showed that super users were
one-third as likely to write about therapy in response
to super users compared to other users. The odds
that responses to super users contained more content
were significantly higher for 13 topics. These were Cocreated Fiction, Philosophy, Chat, Entertainment, Food
and Drink, Livelihood, Recovery Journey, Daily Functioning, Drugs and Alcohol. Parenting Role, Anxiety,
BlueBoard, and Affection. The largest discrepancy was
for the topic Parenting Role, with super users being
5.29 times as likely to write about this content in response to super users than in response to other users.
There was not a significant difference for the topic
Family.

Table 4 Odds ratios and chi-square analyses for super user vs
other user content for each topic
Topic

Chi Square

Odds Ratio (95 % CI)

P

Depression

284428.58

0.27 (0.27–0.28)

<0.0001

Medication

108165.68

0.36 (0.36–0.37)

<0.0001

Therapy

40040.97

0.55 (0.54–0.55)

<0.0001

Anxiety

60723.13

0.55 (0.55–0.55)

<0.0001

Bipolar

12566.17

0.63 (0.63–0.64)

<0.0001

3423.64

0.84 (0.84–0.85)

<0.0001

239.74

0.96 (0.96–0.97)

<0.0001

4.52

1.01 (1.00–1.03)

0.03

Daily Functioning
Social Relations
Drugs And Alcohol
Family
Livelihood
Blueboard
Food And Drink
Recovery Journey
Entertainment

87.00

1.03 (1.02–1.04)

<0.0001

147.06

1.05 (1.04–1.06)

<0.0001

460.79

1.08 (1.07–1.08)

<0.0001

4755.95

1.49 (1.47–1.51)

<0.0001

Discussion

21845.44

1.55 (1.54–1.56)

<0.0001

Principal findings

8999.79

1.76 (1.74–1.78)

<0.0001

Affection

40184.47

1.94 (1.93–1.96)

<0.0001

Philosophy

17719.14

2.08 (2.05–2.10)

<0.0001

Chat

30423.66

2.35 (2.33–2.38)

<0.0001

Positive Change

52598.04

2.82 (2.79–2.84)

<0.0001

Mental Illness

76564.00

3.13 (3.11–3.16)

<0.0001

Co-Created Fiction

70981.96

4.22 (4.17–4.27)

<0.0001

Parenting Role

96582.60

7.97 (7.85–8.10)

<0.0001

The current study used a computer-assisted method to
identify topics in a mental health Internet support
group. In particular, an analysis using LDA enabled us
objectively to identify 21 topics which constituted the
major components of discussion on the mental health
ISG BlueBoard. There were significant differences in the
frequency with which highly engaged super users wrote
content on these topics compared to other users and
between the content of super user posts in response to
posts from users of each group. The pattern of results
was consistent with a model that suggests more highly
engaged users play a role as active help providers,

Fig. 2 Topic-specific word frequency in posts by super users responding to super users vs other users
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From the perspective of the framework proposed by
Preece [19], some of the identified topics may be classified
as ‘off-topic’, for example Chat, whereas other topics may
be classified as ‘on-topic’, for example Therapy. This
framework is limited in that it fails to consider the
relevance of ‘off-topic’ content within the context of its
broader utility. The findings of the current study are more
consistent with frameworks which classify different types
of content into categories of peer-support. From this
perspective, the topic Chat may be considered relevant to
companionship, and the topic Therapy may be considered
relevant to informational support. Thus, although Chat is
not directly related to mental health, its relevance in the
context of peer-support is apparent.
There are clear links between the topics identified by
automated processing in the current study and the different
types of peer-support content that have previously been
defined in the social-support literature [33] and implemented in content analyses of MHISGs [15]. In particular,
the topics identified in the current study were consistent
with the social-support categories of disclosure, experiential
knowledge, information support, companionship, emotional support, group structure and process, and cognitive
guidance. Topics involving specific types of mental health
issues including Depression, Anxiety, Bipolar, and Drugs
and Alcohol, comprised users’ first and second hand experiences. Thus, they could be seen to be related to ‘disclosure’
and ‘experiential knowledge’; e.g. “hi. I'm new to this website, so I just wanted to share a bit about myself. I've dealt
with depression for almost four years of my life now”.
Topics involving circumstances and contexts in which
mental health issues occur and impact, including Daily
Functioning, Social Relations, Livelihood, Family, Food and
Drink, and Parenting Role, also fit disclosure and experiential knowledge categorisations; e.g. “I become so depressed
I cant get out of bed, dont eat, cry all the time..... I just cant
function” . The topics Medication and Therapy may also fit
these categorisations but given their direct role in
treatment, it is likely that their primary relevance is to the
peer-support category of ‘information support’; e.g. “I've
been using lamictal and epilium for a number of years, it's
the best combination I've come across.”. The topics Chat,
Entertainment and Philosophy involved conversational
matters typical of ‘companionship’; e.g. “I may be feeling
low…but this gave me a laugh, it's my type of humor
exactly…” . The topic Affection related to care and concern
for others, factors that are typical of ‘emotional support’;
e.g. “Can't imagine how tough it would be, hang in there,
sending hugs and happy vibes your way.”. The topic
Co-created Fiction included elements of both companionship and emotional support; e.g. ““[username] gives out an
audible cry of fear, [username] is instantly at her side, arm
around her, dagger in hand.”. Finally, the topic BlueBoard
involved references to the forum itself and thus concerned

Table 5 Odds ratios and chi-square analyses comparing super
user responses to super users vs other users across topics
Topic

Chi Square

Odds Ratio (95 % CI)

p

Therapy

74299.69

0.32 (0.32–0.33)

< .0001

Medication

39546.97

0.39 (0.38–0.39)

< .0001

Bipolar

12380.59

0.53 (0.52–0.53)

< .0001

Depression

22647.52

0.53 (0.53–0.54)

< .0001

Social Relations

5770.87

0.78 (0.77–0.78)

< .0001

Mental Illness

2961.97

0.80 (0.80–0.81)

< .0001

Positive Change

1026.92

0.86 (0.86–0.87)

< .0001

0.75

1.00 (1.00–1.01)

0.39

Family
Affection

70.18

1.03 (1.03–1.04)

< .0001

Blueboard

522.38

1.12 (1.11–1.13)

< .0001

Anxiety

1417.75

1.18 (1.17–1.19)

< .0001

Parenting Role

1304.21

1.21 (1.20–1.23)

< .0001

Drugs And Alcohol

1105.30

1.40 (1.37–1.43)

< .0001

Daily Functioning

5892.94

1.46 (1.45–1.48)

< .0001

Recovery Journey

9230.50

1.50 (1.49–1.51)

< .0001

Livelihood

3861.81

1.50 (1.48–1.52)

< .0001

Food And Drink

3687.71

1.69 (1.66–1.72)

< .0001

Entertainment

4388.67

1.76 (1.73–1.79)

< .0001

Chat

12012.34

2.09 (2.07–2.12)

< .0001

Philosophy

11360.35

2.39 (2.35–2.43)

< .0001

Co-Created Fiction

41183.62

5.29 (5.19–5.38)

< .0001

particularly with respect to the provision of companionship and emotional support, but are relatively less inclined than other users to write content about clinical
topics such as medication and treatment.

Part 1: Identification of topics

The topics identified in the current study comprised
meaningful themes with relevance to mental health. The
most frequently discussed topic was Social Relations,
followed by two condition-specific topics, Depression and
Anxiety. Bipolar was also identified as a topic. These three
condition-specific topics are also the subject of disorder
specific sub-forums on BlueBoard, e.g. “Living with
Depression”, which contain the highest number of posts
of all disorder specific sub-forums. This lends some
support to the validity of the LDA analysis. It is important
to note that these topics and sub-forums are not
redundant categorisations. This is because BlueBoard
sub-forums often contain content that does not pertain
specifically to a single disorder. For example, content about
experience of comorbid anxiety and depression may be
found in either or any forum. The LDA topics are able to
distinguish between these types of content, regardless of
their location in the organisational structure of BlueBoard.
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references to ‘group structure and process’; e.g. “Not sure if
you read post #116 in this thread - we posted stuff at the
same time, so you may have missed it.”.
The remaining topics, Positive Change, Recovery
Journey and Mental Illness are consistent with ‘cognitive
guidance’, though not necessarily in the form of direct
advice. All three topics included the word “life” and it is
clear from our perusal of typical posts that the content
explores the impact of mental illness in their life and the
experience of finding a pathway to recovery; e.g. “I know
many people with bipolar who are happy with their life
no matter what problems they face. Yet what our world
teaches people with mental illness is that they are
unlucky and that their life will be a troubled one”. This
content is consistent with the consumer/carer model of
recovery which emphasises personally meaningful elements of recovery such as hope, healing, empowerment
and connection [34]. This contrasts with the traditional
clinical model which focuses on the efficacy of
treatments in reducing the symptoms that formally
define mental illnesses. This clinical symptom-focussed
approach is more apparent in topics which focus directly
on illnesses and treatments e.g. Bipolar and Medication.
We highlight the above associations between the LDA
topics and social support content for the purpose of
describing trends observed in the data across user groups,
which are discussed below. We acknowledge these above
associations and below trends represent our interpretation
of the data and that this interpretation is subjective.
However, our methodology has largely deferred the point at
which subjective interpretation enters the study until after
the computation of the results (with the exception of the
number of topics selected). Thus the strength of this
analysis is not only in the novel perspective it provides on
quantitative large-scale trends in the data, but it is also
inherent in the transparency and replicability of the
analysis. A content analysis of this nature has not previously
been conducted on a MHISG.

Although super users have been known to identify
themselves as ‘active help providers’ [14], the current
study raises the question of whether the type of support
provided by these users matches the type of support being sought. The findings of the current study suggest
that there is an overall discrepancy in the type of content
in which the two user groups prefer to engage. If this
difference is the consequence of a discrepancy in perceptions of recovery, super users may be well placed to support fellow super users, but not necessarily be the best
placed to provide the support being sought by other
users. However, it is also evident that super users change
the nature of their content depending on type of user to
whom they are responding. Super user responses in
other users’ threads were found to have higher odds for
5 of the 7 topics in which other users were previously
observed to be relatively more engaged, and in particular
in topics that were typical of experiential knowledge and
informational support such as depression and medication. This suggests that super users actively change the
type of content they contribute to align with the interests of other users when they are responding to them.
This is consistent with the idea that super users are
generally ‘active help providers’. However, we acknowledge that there may be other explanations for the data
and that responsiveness to communication context does
not necessarily imply that the super user is delivering
help. For example, based on the current data, we cannot
exclude the possibility that they are seeking or receiving
help. Further research is required to investigate this
issue.
A previous qualitative investigation of BlueBoard that
examined depression information needs [35], found that
‘coping with depression’ (in particular, symptoms) was the
most frequently explicitly and implicitly stated information
need in user posts. This finding appears consistent with the
type of content most often posted by other users in the
current study. Furthermore, in another study of BlueBoard
which involved a qualitative analysis of user-perceived
advantages of participation in the board, the two most
frequently cited types of advantage were (i) positive personal change, encompassing emotions such as: feeling glad,
grateful, hopeful and inspired; cognitive effects, including
changing the way a person thought about an issue; and behavioural effects, including choosing to see a doctor, and
(ii) positive social interactions and support [36]. Few posts
referred to symptom or disorder-specific advantages and it
was concluded that the benefits of forum participation may
be best conceptualised in terms of supporting overall recovery rather than as disorder or symptom-specific effects. In
concert with the findings of the current study, this may
suggest that the input provided by super users is consistent
with the type of support that is valued by members, and is
also consistent with broader evidence regarding the benefits

Part 2: Differences between user groups

Overall, compared to other board users, super users were
relatively more engaged in topics which related to companionship, emotional support and cognitive restructuring
with a focus on consumer/carer defined recovery. This
was the case for 10 out of the 13 topics for which super
users wrote relatively more content than other users. In
contrast, other users were relatively more engaged in
topics which related to disclosure, experiential knowledge
and informational support. This was the case for all seven
of the topics for which other users wrote relatively more
content than super users. This suggests a greater focus by
other users on the traditional clinical symptom-focused
approach to recovery.
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Conclusion
The current study demonstrates the utility of a computational method for analysing the content of MHSIGs. This
technique enables trends in user engagement patterns to be
investigated objectively and on a large scale. The pattern of
findings in the current study has provided support for the
notion that the most active members in a MHISG are
generally ‘active help providers’. The findings suggest that
super users serve the role of emotionally supportive companions with a focus on topics broadly resembling the consumer/carer model of recovery. Other users engage in
topics with a greater focus on experiential knowledge,
disclosure, and informational support, a pattern resembling
the clinical symptom-focussed approach to recovery.
However, super users also modify their content to be more
like that of other users when responding to them. These
findings highlight similarities between the nature of super
user engagement and existing evidence regarding the therapeutic outcome of user participation in ISGs, suggesting
that the most highly engaged users may play an important
role in this outcome.

of participating in ISGs, including increased sense of
empowerment [7, 9], and improved perceived quality of life
[9] and self-esteem [9].

Limitations and future research

The current research has three main limitations. The
frequency with which topics are expressed in a MHISG
was represented in the current study in both absolute
and relative terms. However, such data does not provide
insight into the subjective experience of the user reading
the topic content. For example, a post may contain a
short statement about medication followed by a long
story about a person’s experience with depression. The
reference to the medication may be of great importance
in the story, but due to the associated small word count
the subjectively important status is not represented in
the data. Thus the current research methodology can
provide a broad overview of the nature of the content in
a MHISG, but is limited in the extent to which it represents a user’s intention or another user’s interpretation
of the content. Future research seeking to address this
may incorporate qualitative and or supervised machine
learning methods to the analysis [37].
The second limitation of the study is that the dichotomisation of users according to their posting frequency
(super user vs other users) provides a limited framework
for defining the nature of a user’s participation in an
ISG. The role performed by a user can be classified by
more nuanced metrics [16] and may change over time
[38]. However, posting frequency is the most common
way that research has classified users to date [16], often
with an assumption that users with higher frequencies of
posts contribute greater value to the ISG. The current
study demonstrates broadly that these users contribute
different value. Future research may demonstrate further
differentiation in the kinds of value contributed by
different users. In non-mental health contexts, researchers have focused on differentiating providers and
seekers of emotional support, information support and
companionship in ISGs [38–40]. In a MHISG context
there may be other important roles such as users whose
posts facilitate a decrease in self-stigma or users who are
effective in supporting other users who are in crisis to
seek professional care.
Lastly, it is both a strength and limitation of this study
that it was focused on a MHISG in which moderators do
not play an active role in the community. Consequently the
results may not generalise directly to differently constituted
MHISGs. However the findings are strengthened by the
fact that the behaviour we have observed occurred without
the potentially biasing influence of ISG staff. Further
research is required to understand how this may vary in
different MHISGs
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Chapter 7
Foreword
This chapter presents the last of five empirical studies included in this thesis and the last of
four that investigated an aspect of participation in BlueBoard followed by a comparative
analysis of differentially-engaged users.
Given that the focus of the previous empirical studies in the thesis was largely quantitative, the
current study used a qualitative analysis to deepen our understanding of the nature of
participation within the framework of the findings observed so far. In particular, since the
previous findings regarding user characteristics were limited to the four outcomes collected at
baseline (age, gender, location and user status) and that these characteristics were not found
to be meaningful determinants of differences in user engagement, this study sought to
investigate the characteristics of users as they were presented in their initial post in order to
determine if there are other independent characteristics of users, or ways in which the users
present themselves, that are predictive of users’ subsequent levels of engagement.
The first phase of this study used inductive coding of content in 150 users’ initial posts within a
qualitative framework analysis to generate a formal classification system for differentiating
between high- and low-engaged users based on the content in their initial post. The design of
the classification system may have been influenced by personal biases of the investigator
(myself), particularly given my exposure to the content analysis findings in Chapter 6.
Therefore, the second phase of the study employed blinded ratings from two independent
mental health researchers to investigate the validity of the formal classification system in
predicting the engagement status of users from their initial post content.
Thus, the study sought to answer the following questions:
RQ 6a: How do BlueBoard users present themselves in their initial post?
RQ 6b: Are there systematic differences in the way that users with different levels of
engagement present themselves?
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Through the qualitative analysis, it was found that higher- and lower-engaged users differed in
terms of their ‘awareness’ characteristics regarding interpersonal-, self- and mental-healthawareness. Consistent with Chapter 6, this difference in awareness resembles differences in
conceptions of recovery. The diagnostic accuracy of the classification system was found to
perform significantly better than chance at discriminating between the top 25 (top 1.5%) of
users and others.

Note: This paper has been prepared for submission to BMC Psychiatry but has yet to be
submitted.

86

Are first impressions predictive of future engagement?
Qualitative analysis and blinded judgements of users’ initial post
in a mental health Internet support group
Bradley Carron-Arthur, Marita Cooper, Dominque Kazan, Kathina Ali, Kathleen M Griffiths

Abstract
Background: Online peer-support groups are an increasingly popular source of health
information and support. The way in which users participate in these groups varies
substantially from one-time questions or comments to long-term engagement. Understanding
who engages with these groups and how they engage may be important for optimal service
delivery. In this study, we sought to determine whether the way in which active users present
themselves in their initial post is predictive of their subsequent levels of engagement as
reflected in the frequency of their posts.
Method: The study comprised three phases across two stages. Stage 1 involved a qualitative
analysis of the nature of the content in the first posts of 150 users through an inductive
content analysis followed by a framework analysis designed to inform the development of a
formal classification system for differentiating between high- and low-engaged users. Stage 2a
involved an exploratory assessment of the validity of the above classification system. During
this phase, two mental health researchers, blinded to user level of engagement, independently
classified each initial user post of the 25 highest-engaged users and 25 single-post users (total
n=50) as being from either a ‘high-’ or ‘low-’ engaged user based on the Stage 1 classification
system. Data were analysed using logistic regression with predictive accuracy assessed using
ROC curves. Stage 2b involved a more stringent test of validity of the classification system
using an extended sample that included an additional 75 users from across the spectrum of
engagement (total n=125).
Results: The qualitative analysis identified seven broad content themes (health issue, groupreferent statement, self-referent statement, treatment, circumstances, social support and
providing social support) that did not directly differentiate between users. However,
transcending these themes were overarching differences in user presentation style. Highly-

87

engaged users were more likely than other users to present themselves in a way that
demonstrated ‘high-awareness’ characteristics (raised-consciousness levels regarding self-,
interpersonal- and mental-health-awareness) in the content of their initial post (Stage 1). A
classification system based on these findings performed significantly better than chance at
discriminating the high-engaged users from low-engaged users (36 correct out of 50) (Stage
2a), and high-engaged users from among users across the full spectrum of engagement (77
correct out of 125) (Stage 2b).
Conclusions: The current study suggests that users who demonstrate higher awareness
characteristics in their initial post may become more highly engaged in a mental health
Internet support group. This finding may facilitate the early detection of users most likely to
become highly-engaged and may prove useful for optimising mental health Internet support
group community-building strategies. However, it also highlights the need to consider
strategies that support low-awareness users who are likely to engage only briefly.

Introduction
Although the 12-month prevalence of common mental disorders is 20%, only 35% of people
with such disorders access a mental healthcare service [1]. The use of online health resources
has become more common with 28% of Internet users having accessed mental health
information online [2]. Further, online peer-to-peer platforms are a popular source of health
information and support [3]. In 2011, online health communities were found to have been
viewed by 18% of all Internet users in the USA [4]. In 2013, it was found that 8% of all Internet
users in the USA had actively participated in such a community by asking a question or
responding to someone else [5]. This level of engagement with online peer-to-peer groups has
increased substantially since 2003 when the prevalence of such engagement was reportedly
only 1.5% [6]. While such communities are premised on a mutual exchange of information, it
has been observed repeatedly that the majority of content in these communities is created by
less than 1% of all members [7, 8]. Research is required to understand the nature of this
phenomenon and the social dynamics within online peer-to-peer support groups in order to
inform their best-practice community management and optimal service delivery.
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To date, few studies have systematically investigated individual differences in the way that
users participate in Mental Health Internet Support Groups (MHISGs) [9] or the factors which
predict levels of engagement. Further, although ‘posting frequency’ is the most commonly
used metric for characterising user participation in an online health community [9] and the
metric is often assumed to reflect the value of a user to the community, there is little evidence
to validate this assumption. To address these gaps in the literature, we have recently
undertaken a series of studies, focused on the MHISG ‘BlueBoard’ to determine who uses the
group [10], who communicates with whom [11], what they communicate about [12] and
whether these factors are associated with usage levels [10-12]. These studies revealed that
users were most commonly consumers, female, aged 20-34 years and from an urban area, but
that engagement with and retention on the MHISG was not strongly predicted by these
characteristics [10]. Nor, based on a modular model of the community structure, were the
odds of user interactions with each other significantly predicted by commonality of their
characteristics, such as age, gender, location, consumer/carer status or type of mental health
concern [11]. However, the registration date of the most highly active users in each module
was found to precede most of the users with whom they communicate [11]. Further, through
a topic modelling algorithm, it was found that the content created by highly active users was
consistent with the notion that they perform a role as active help providers to other users [12].
The most highly-engaged users also tended to write more content that was consistent with the
consumer model of recovery, whereas other users’ content appeared more medicalised and
symptom-focused [12]. However, the modelling analysis was limited by its quantitative and
automated nature and further content analysis using qualitative techniques is required to
refine, clarify and extend our understanding of the nature of the differences between the
higher- and lower-engaged users.
There is considerable heterogeneity in content across posts in an MHISG. However, all active
users engage in the activity of writing their first post. This standardised context provides an
opportunity to identify associations between a user’s attributes and their subsequent level of
engagement. Moreover, this context precedes the influence of subsequent variable factors,
such as responses from other users. To our knowledge, no previous study has investigated
whether the content of a participant’s initial post is associated with subsequent behaviour on
an MHISG. However, an investigation of this question has the potential to increase our
understanding of MHISG dynamics. A greater understanding of the characteristics that
differentiate users may also assist managers of peer-to-peer support groups to optimise their
community building efforts.
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Generally, online community managers aim to increase the number of members and activity in
a community in order to increase its capacity and sustainability [13]. A recent paper on online
health community development noted that facilitating user engagement is resource intensive,
requiring a focus on building relationships, fostering a sense of belonging among users and
rewarding helpful activity [14]. The authors argued that core members were ‘vital’ to the
sustainability of the group due to their high engagement and influence on the community [14].
In this context, fostering the engagement of core members can be seen as a priority for
community managers. According to the author, ‘all new members are potential core members’
[14]. However, the study did not systematically investigate the propensity of different users to
become core members and failed to take into account the potential role of individual
differences among members. If there are differences in users’ initial presentations that predict
future engagement, an understanding of these differences may aid in the development of
tailored approaches to building communities which may be more cost-effective than generic
interventions. Thus, understanding the nature of content in users’ initial posts presents not
only an opportunity to better understand the dynamics of an MHISG, but also an important
practical opportunity to understand differences that may inform strategies for building
community from the outset of active user participation.
The current study will investigate user initial posts in two stages. In the first stage, user initial
posts will be analysed qualitatively in order to determine whether there are systematic
differences in presentation between higher- and lower-engaged users and to formalise a
framework that describes these differences. The second stage will investigate if the resulting
framework predicts user engagement. This will be undertaken in two phases with the aid of
independent ratings from coders blinded to user level of engagement. In the first phase, the
validity of the framework will be tested through a preliminary evaluation of the ratings for the
highest- and lowest-engaged users. It was determined a priori that if the findings of the
preliminary phase prove positive, a more stringent study would be undertaken employing
ratings of the posts of users from the full spectrum of engagement. We present the Method
and Results of each of the above stages separately.
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Stage 1: Qualitative analysis
Method
Data
Data were drawn from the log data of the Internet support group BlueBoard
(blueboard.anu.edu.au) for the period 1 October 2008 to 23 May 2014, during which 131,004
posts were made by 2932 users. This dataset has been described previously in four studies [7,
10-12].

The Internet support group: BlueBoard
This service was provided by the Centre for Mental Health Research (previously The National
Institute of Mental Health Research) at The Australian National University. BlueBoard
comprised 10 forums in which users communicated about a range of mental health issues,
primarily depression, bipolar disorder and generalised anxiety. The board was established in
2003 as a mood disorder group, closed in 2007 and 2008 for funding reasons and reestablished on 1 October 2008 before finally closing on 30 June 2016. BlueBoard’s second
iteration, from which the current data are drawn, did not include the content or registrations
of previous users. BlueBoard was designed with the aim of being used for research purposes,
in addition to its overt function as a support group. All potential users were advised of the
research function of the board prior to registration. Moderators did not actively participate in
any of the forums. Rather, they enforced rules, for example, by editing posts to remove any
personally identifying information, and alerting the infracting user via a private notification on
the board. The sampled data for the current study contained eight instances in which the
content of a post had been modified (e.g. name removed). For ethical reasons, the original
content was not retained. This research was approved by the Australian National University
Human Research Ethics Committee.

Sample
Of the 2,932 registered users who contributed at least one post, 57% (n=1,664) identified
themselves as consumers, and 8% (n=238) as carers at the time of registration; the remainder
specified ‘other’ or provided no response to the identifier question. Since the attributes of
consumers and carers may differ, only users who self-identified as consumers during the
registration process were included in the current study.
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The sample consisted of 150 users from three levels of engagement: high-engaged (n=50),
moderate-engaged (n=50) and low-engaged (n=50). The 50 members of the high-engaged
group comprised all of the top consumer posters on the board, including 23 of the 29 users
who comprised the top 1% of users by posting frequency, a group that has previously been
designated in the literature as ‘super users’ [9]. The total number of posts contributed by these
users ranged from 145 to 11,994. The 50 low-engaged users consisted of a random sample of
the 634 users who had contributed only 1 post. The 50 users in the moderate-engaged group
comprised a random sample of the 978 users whose total posts fell in-between the two other
groups (2 to 144 posts). The selection process for the low and moderate-engaged users was
undertaken by a colleague not involved in the data analysis using a Microsoft Excel random
number generator.
The percentage of women in the high, moderate and low groups was 78%, 63% and 72%
respectively, with one response not reported among the moderate group. The median age in
these groups was 35-39 years (high), 30-34 years (moderate) and 25-29 years (low), with one
response not reported among the high group. Most of the participants in each group made
their first posts to the depression forum (see Table 1).
Table 1. Frequency of users in each forum by first post for each participant groups.
Forum
Depression
Bipolar
Generalized Anxiety
Social Anxiety
Borderline personality disorder
Eating disorder
Panic disorder
Obsessive compulsive disorder
Carers
General discussion

High
(n=50)
23
14
5
0
2
0
1
0
1
4

Moderate
(n=50)
25
8
4
9
3
0
0
0
0
1

Low
(n=50)
31
5
2
2
3
0
0
0
0
7

Analysis
The data were analysed using a qualitative framework approach [15, 16] with the aim of
developing a classification system for differentiating between high- and low-engaged users.
The analysis was undertaken by BC with input from MC and KG. Following a process of
familiarisation, a thematic framework was devised using the data-driven inductive approach to
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thematic analysis, where data are examined for codes and patterns and themes are allowed to
emerge from the data. The content of posts were indexed to the themes using Nvivo software
and charted in a table organised by level of engagement in rows (ranked from highest to
lowest total post frequency) and content themes in columns. These data were then inspected
for differences between higher- and lower-engaged users with the aim of detecting and
interpreting patterns that might reveal differences between users.

Results
There was substantial heterogeneity in the way users presented themselves in their initial
posts independent of the level of user engagement. Initial posts varied in length from a fourword statement (“I’m on, who’s on?”) to a 1,737 word story detailing the user’s mental health
history. The median was 183 words. Despite this, a number of broad content themes and
content sub-themes emerged from the analysis of the topic content of the data (see Topics
below). There was little evidence that these content themes directly differentiated between
users of differing levels of engagement. However, further analysis of overarching patterns in
the charted data identified presentation styles that transcended content themes and
differentiated between higher- and lower-engaged users (see Presentation Style section
below). The findings from each of these stages of the analysis are presented in turn below.

Topic themes
Themes: Seven broad content themes (health issue, group-referent statement, self-referent
statement, treatment, circumstances, social support and providing social support) and 29 subthemes emerged from the data (see Table 2).
The most prevalent theme in the data related to the nature of the user’s health issue (77% of
all users). Within this theme, statements regarding the nature of the mental health issue was
the most common sub-theme (66% of all users). This comprised statements regarding disorder
type (e.g. “I have depression”) (43%) or descriptions of the symptoms that they were
experiencing (e.g. “I’ve been feeling down”) (23%). Few users stated that their mental health
issue had been diagnosed clinically (8%). Statements about the nature of the mental health
issues frequently co-occurred with descriptions of their severity (34%). Sometimes severity was
described clinically as either mild, moderate or severe (5%), but it was more common for other
adjectives to be used (e.g. “terrible”) (16%). Statements about severity were often also
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coupled with statements about how it affected quality of life or functionality (e.g. “my bipolar
is in the more mild category really, I can hold down a full time job and most of the time you
wouldn't know unless I told you”) (9%). Users frequently reported a timeframe in which the
mental health issues had been affecting them (64%). Some users stated both a long- and shortterm timeframe referring to total chronicity and the most recent episode respectively (e.g. “I
have had depression for 10+ years. I am going through a rough patch at the moment” (32%).
The majority of these statements referred to a long-term timeframe that was in the order of
years (57%); short-term time frames were commonly referred to as “recently” or “at the
moment” (32%). Content related to co-morbid physical health issues e.g. diabetes, was
relatively infrequent (8%).
The second most prevalent theme was group-referent statement (75%). This included any
content in which the user related themselves or their post to the Board or other users within
it. It was common for users to make opening remarks signposting their status as a new
member in the group (31%) along with statements that either indicated that that were unsure
about how to participate correctly (11%) or that implied that they had an understanding of the
group because they had been reading posts on the board (7%). One quarter of users explicitly
stated their reason for participation in the group (25%). Most of these users reported that they
were seeking social support (emotional, informational or appraisal support) (17%), whereas
other users referred to the board as an outlet through which they were seeking to ‘vent’ (5%).
A request for responses (38% of users) in the initial post most commonly involved a generic
request for help or advice at the end of a narrative of the user’s experience (22%). However,
some users made specific requests for input (20%) most commonly in relation to medication
(10%). Other group-referent statements included gratitude expressed proactively for help from
other users (10%) and/or apologies for the post length or the possibility of unintentional
misconduct (7%).
The third most common content theme was self-referent statement (61%). This comprised any
statement which provided information about the user themselves (excluding information
specific to the nature of their health issue). Statements regarding the sub-theme coping
(emotionally) were made by 44% of users in their initial post. For some this took the form of
reflections on how they were managing their mental health issue emotionally or even coping
with the act of coping (e.g. “Im not scared of being anxious anymore”) (15%). For others, this
comprised statements regarding how overwhelmed they felt (e.g. “I'm finding things so hard
right now”) (15%). The sub-theme expertise (cognitive) included content regarding beliefs or
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knowledge about matters that affected the management of their health issue (34%). Similar to
the coping (emotionally) sub-theme, expertise (cognitive) content generally either involved
statements that were insightful e.g. “i get irrational thoughts- so now when i have a thought i
have to go thru the checklist to ensure its a rational thought or not” (10%) or conversely
statements that suggested a lack of coping (“I don’t know what to do!”) (11%). Other selfreferent statements (15%), included content written by users about their other personal
attributes, commonly regarding non-disordered aspects of their personality (10%).
The fourth most prevalent theme was treatment (57%). More users reported negative
experiences (30%) than positive experiences (19%) with treatment. Commonly, positive
experiences related to medication (13%), talking therapies (3%), and alternative approaches
(e.g. spirituality) (3%); negative experiences referenced medication (15%), or a health
professional (5%). Attitudes and intentions regarding treatment (25%) commonly included
statements exhibiting fear or reluctance to seek professional help or to take medication (11%).
Less frequently, users reflected on how these attitudes had changed after experiencing a
treatment (4%). Other content about treatment was confined to statements of fact about the
user’s treatment use (e.g. medication) (11%).
The fifth most prevalent theme was circumstances (53%). This included content regarding
situational matters that affected or were affected by the user’s mental health issues. Partner
relationships was the most common sub-theme (21%), and typically comprised content
regarding the negative impact of a separation (9%), or stories of supportive or unsupportive
relationships (5%). A range of further circumstances included other relationships (13%) that
were either helpful or harmful, livelihood stressors (20%), impacts of the user’s mental health
problem on daily functioning (9%), situations that caused trauma & grief (8%) and various
other circumstances (18%).
The sixth most prevalent theme was social support (42%). This included any statement about
social support excluding references to formal treatment. Within the sub-theme shared
understanding (23%), many users expressed delight at the feeling of empowerment that
accompanied their engagement with a community that understood the issues they faced (10%)
(e.g. “I've been a little glued to reading the posts because finally I have found others who share
my own struggles”). Other users lamented the feeling that other people did not understand
them (7%) e.g. “Nobody understands me or what I'm going thru”. In the sub-theme of stigma
(8%), users most commonly described personal experiences of stigma (3%) or the effect of
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their perception of stigma (3%). Other content regarding social support (26%) commonly
included statements about social isolation (10%).
The seventh and least-prevalent theme was provision of social support (19%). Most users
initiated their own thread (63%) when making their first post. However, some users wrote
their initial post in another user’s thread and provided either emotional (7%), informational
(7%), appraisal (11%) or other types of social support (6%).
Differences as a function of subsequent user engagement: Table 2 presents the percentage
of users who contributed to each content theme and sub-theme as a function of subsequent
level of engagement. Although there was some variability between groups in the frequency of
content indexed under each sub-theme, there was no evidence of a systematic pattern that
differentiated between the first-posts topics of those with differing levels of engagement.

Table 2. Frequency of content indexation
Theme

Health Issue
Nature of the mental
health issue
Long-term timeframe
Short-term timeframe
Severity
Physical health issue
Group-Referent
Statement
New member
Reason for participation
Request for responses
Other
Self-referent Statements
Coping (emotionally)
Expertise (cognitive)
Other

High-engaged
users
n/50

Moderateengaged users
n/50

Low-engaged
users
n/50

Total Unique
Users
n/150 (%)
116 (77%)

32
31
15
17
6

17
13
17
13

26
16
7

35
26
19
20
3

14
15
26
11

21
18
5

96

32
28
14
14
3

99 (66%)
96 (64%)
48 (32%)
51 (34%)
12 (8%)

16
10
14
12

112 (75%)
47 (31%)
38 (25%)
57 (38%)
36 (24%)

19
17
11

91 (61%)
66 (44%)
51 (34%)
23 (15%)

Treatment
Positive experience
Negative experience
Attitudes and intentions
Other
Circumstances
Partner relationship
Other relationship
Livelihood
Trauma & grief
Daily functioning
Other
Social Support
Stigma
Shared understanding
Other
Providing Social Support
Emotional support
Informational support
Appraisal support
Other

11
15
11
9

12
9
10
5
3
10

4
12
14

5
3
5
4

10
16
18
11

11
7
10
4
4
7

2
14
12

1
3
4
1

8
14
8
5

86 (57%)
29 (19%)
45 (30%)
37 (25%)
25 (17%)

9
4
10
3
6
10

80 (53%)
32 (21%)
20 (13%)
30 (20%)
12 (8%)
13 (9%)
27 (18%)

6
9
13

63 (42%)
12 (8%)
35 (23%)
39 (26%)

5
4
8
4

29 (19%)
11 (7%)
10 (7%)
17 (11%)
9 (6%)

Presentation style
Although, as noted above, the inductive content analysis failed to reveal any direct
associations between topic themes or sub-themes and engagement levels, the broader,
integrated framework analysis did identify some consistent differences in the presentation
style of users associated with engagement level. These commonalities in style were not
exclusive to the formalised groupings but they were most apparent at the extremes of the
spectrum of engagement, particularly among the most-frequent posters in the high-engaged
group. We focus here on reporting the overarching differences in pattern for the higherversus lower-engaged users.
The key finding from the framework analysis was that at the time of their initial posts, higherand lower-engaged users differed in their level of awareness about mental illness. This
difference was observed in three domains: interpersonal-awareness, mental-health-awareness
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(knowledge and experience) and self-awareness. The differences between higher- and lowerengaged users in each of these domains are illustrated by the quotations in Table 3. These 20
pairs of quotations were obtained from the first posts of 18 users in each of the higher and
lower categories (n=36 total). Only quotations from the predefined high- and low-engaged
users have been included in this table, with the exception of one quotation each from two
lower-engaged users who contributed 2 and 3 posts in total. The majority of the high-engaged
user quotations (n=12) were sourced from among the top 14 most highly-engaged users.
Although in combination, the quotations in Table 3 broadly represent the prototypical higherand lower-engaged user, no single user expressed themselves in all the ways depicted in the
table. Rather, Table 3 highlights the pattern in expression that was typical of higher- and
lower-engaged users.
Differences in awareness in the ‘interpersonal’, ‘mental health’, and ‘self’ domains are detailed
in turn below.

Interpersonal-awareness
Differences between higher- and lower-engaged users in interpersonal-awareness were
observed in posts relating to the content themes Social Support and Group-referent
Statements; and are illustrated by Quotations 1-5. Social isolation and the need for social
support were common concerns for many users. Users often explicitly stated that BlueBoard
assisted in addressing those concerns. However, users differed in their understanding of what
social support BlueBoard might provide for them and, conversely, what support they might
provide others.
Higher-engaged users typically demonstrated greater awareness of the community they were
entering. For example, in Quotation 1H, the user explicitly acknowledged the community by
stating that they had already been reading other users’ posts. Similarly, quotations 2H to 5H
describe what the users hoped to contribute and gain from participating in the community.
These quotations suggest that the high-engaged users were aware of what engagement in the
community entailed, including for example, shared understanding, empowerment and timely
support. In addition, these high-engaged users expressed themselves is a manner that was
explicitly courteous to other users. In contrast, lower-engaged users typically did not
demonstrate this level of community awareness. The latter was often characterised by an
absence of introductory or closing remarks that referred to other community members. Other
evidence of this limited awareness is illustrated by quotation 1L, which suggests that the user
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was less focused on the needs of other users and was primarily motivated by the need to
address their own personal concerns. Moreover, as demonstrated by quotations 2L-5L, the
lower-engaged users often lacked a clear understanding of the specific potential benefits of
engaging in the community. Rather, they appeared to be motivated primarily by an urgent
awareness that they needed help, but were unsure of the type of help the board could
provide.

Mental-health-awareness (knowledge and experience)
Differences between higher- and lower-engaged users in mental-health-awareness were most
apparent in posts relating to the content themes Health Issues, Self-referent Statements and
Treatment; and are illustrated by Quotations 6- 15 and 3. Quotations 6-9 relate to the user’s
awareness of severity, chronicity and coping behaviour as it relates to their own and others’
mental ill-health. At a qualitative level, the severity of a user’s mental health issue did not of
itself appear to be associated with level of engagement (although this may be limited by the
subjective nature of the judgement involved). Rather, the perspective of higher- and lowerengaged users towards the severity of their mental health issues appeared to be an important
differentiating factor. Relative to those who were less engaged, higher-engaged users
presented as veterans of their mental health issues who were less distressed by the symptoms
per se, but more troubled by the chronic or recurrent aspect of their condition. Quotations 6H
and 7H illustrate that higher-engaged users were not only concerned with specific coping
behaviour, but also with the sustainability of coping behaviour. Quotations 8L and 8H illustrate
the contrast in perspectives of a lower-engaged user who is feeling overwhelmed by their
mental health problems and a higher-engaged user who has developed a strategy for
managing complex issues associated with their mental illness. Quotations 9H and 9L contrast
circumstances which illustrate the higher-engaged user has greater experience in living with
their condition.
Quotations 10-13 relate to health management strategies. Users’ self-reported approaches for
managing their health were an important differentiating factor between low- and highengaged users. The clearest illustration of this difference can be seen in quotations 10H and
10L which contrast the proactive management of a high-engaged user with the relative sense
of helplessness conveyed by the low-engaged user. Higher-engaged users described specific
activities which indicated that they were proactive in managing their health, by for example,
studying mental health literature (as illustrated by quotation 11H), keeping a medication
journal (quotation 12H), and disclosing their mental illness in a job interview (quotation 13H).
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In contrast, lower-engaged users typically did not have a thorough understanding of mental
illness (quotation 11L), were not specific about their strategies for recovery (quotation 12L),
and did not disclose their issues to others (quotation 13L). Higher-engaged users were not
infallible in their selection and implementation of proactive strategies; however, they
possessed the insight to reflect on their choices if the latter were not beneficial to their health.
Quotations 14-15 (and 3) illustrate the differences in perspectives in higher- and lowerengaged users towards recovery. Low-engaged users tended to adopt a binary perspective
characterised by a belief that there is a specific solution that will trigger full return to a
previous normal state of health (see quotation 14L). By contrast, the higher-engaged user in
quotation 14H did not expect to recover in a way that was completely free from illness.
Quotations 15H and 15L, subtly illustrate the difference between the two user types, with the
lower-engaged participant framing recovery as light at the end of the tunnel suggesting the
potential for a binary shift in health whereas the higher-engaged user frames success in terms
of a ‘manageable’ albeit difficult process. In quotation 3H, the higher-engaged user wrote
specifically about the potential role of BlueBoard in their recovery process with an awareness
of how this role differed from that of a medical professional. In contrast, the lower-engaged
user in quotation 3L conveyed a sense that they approached BlueBoard in the hope of a
miraculous solution and were unsure of what help they needed.

Self-Awareness
Differences between higher- and lower-engaged users in self-awareness were most apparent
in posts relating to the content themes Self-referent Statements and Circumstances; and are
illustrated by Quotations 16-20. Higher-engaged users often expressed themselves using a
reflective style that indicated a meta-awareness of themselves contextually in terms of affect,
behaviour and cognition and how the latter related to their mental health issues. In contrast,
lower-engaged users tended to write from the perspective of being in and overwhelmed by
their circumstances and experiences. In quotations 16H and 16L, both users described the
experience of deliberately isolating oneself. However, the lower-engaged user described
isolation as a behaviour that is a function of their beliefs whereas the higher-engaged user
described isolation as a feeling that was a function of their behaviour. The higher-engaged user
demonstrated self-insight by reflecting on the link between their behaviour and their
subsequent mental health issues, whereas the lower-engaged user was immersed in their
feelings of loneliness. Similarly, the contrast between the reflective approach of the higherengaged user and the sense of immersion experienced by the lower-engaged user is evident in
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quotations 17-20. Here it can be seen that low-engaged users were self-critical for lacking a
‘sensible’ reason to be depressed (17L), believed there was no hope because they were unlike
anyone else (19L), concealed their issues from people who could help (18L), and acted
impulsively by suddenly ceasing medication (20L).
Table 2. Quotations illustrating differences typical of awareness of higher- and lower-engaged
users.
Higher-engaged

1H
2H

3H

4H
5H

6H
7H

8H

Lower-engaged

Interpersonal-awareness
Hi All, I've been reading posts for a
1L
Hi..uh i dont know how this really
while but got the courage to post this
works, but have finally decided i need
morning
to vent a little
I would like to share my story with
2L
To be honest, I'm not sure what I am
you, both as a cathartic experience for
looking for as a response
myself, and in the hopes that the
lessons I have learned can help others
before you walk the painful path that I
have walked. And I am hopeful that
others will share their thoughts so
that I can continue to learn and
improve myself .
deep down I feel the need for
3L
I almost feel like I am posting here
understanding from you as you are all
hoping that someone will give me a
sitting on this roller coaster ride with
million dollars and all my problems will
me and this understanding that i seek
go away. I know that's not going to
is different to the one my pdoc has
happen, but it is a bit of a cry for help
even though I know it's not coming.
So, I'm just looking for support and
4L
All im asking for is some advice is there
also some hope that things will get
anthing i can do myself to ease the
better. Hugs to all of you! :)
pain of everything?
Looking forward to sharing experience 5L
please help
with you all and hopefully giving and
getting some support during the
tough times!
Mental-health-awareness (knowledge and experience)
[I’m] just your usual hurting soul
6L
i'm struggling. i really am. i cant talk
about how useless i feel to my friends.
I feel sick with the journey of my
7L
Over the last few months I have not
mental health
been coping, spending most of my
days crippled by high anxiety &
depression
lets just focus on one problem at a
8L
I guess I'm finding it hard to except
time.
that I might constantly have to deal
with this indefinitely. How do you guys
deal with the prospect of dealing with
depression for the rest of your life?
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9H
10H
11H

12H

13H

I was diagnosed with bi-polar 3 years
ago and am on seroquel. I am stable
and did hold down a full time job
I'm in therapy and proactive in the
management of my health and overall
wellbeing
the way that I cope with my disorder
is to study. I like to study mental
disorders and this helps me a lot. I
don't go to University I just study for
my own enjoyment
Had I not forgotten to take my
medication 18 months ago, I probably
would still be enjoying good mental
health as I had for the past 10 years,
however I did forget and it has been a
long, hard road back. I now keep a
daily diary and note the medication
taken so that I have a record.
I disclosed at my interview for the job
and still got it!

9L

I've started to feel a lot depressed only
a few months ago. I'm 19, no job,

10L

I'm right in the thick of it at the
moment and I don't know what to do!

11L

I am having trouble understanding the
illness

12L

they feel I should just get over it or go
back on my meds. This is not an
option for me any more. I am/was
proud of my achievement but am
hitting a wall at the moment and just
need to work through it.

13L

I still feel shy about it - I haven't told
anyone at work, for example, and I
probably should.
How do I switch off this feeling?

14H [I] kinda tapped out on looking for the 14L
land of rainbows and lollipops
15H Whatever you do don't give up, it is
15L Keep positive and be strong because
hard but definatley manageable
there is a light ad the end of the tunnel
Self-awareness
16H I shut myself away from everyone and 16L I havent told anyone how I feel
then wander why i feel so alone
because there is no one real to talk to
17H Depression is not sensible, logical, or
17L i should be grateful, Im gorgeous, iv
emotionally balanced. It doesn't care
had a great life, ive travelled a little, im
how good you've got it. It flies in the
healthy physically, and have many
face of everything that makes sense.
things to look forward to, so why do i
feel this way
18H I often put on a happy face too, but
18L when I go to my therapist each week,
have found outlets through a few
you know how it is, false front, smiling
other friends. Although sometimes I
everythings just fiiiiine
feel guilty for burdening them. Deep
down, I know that they would rather I
burden them than I suffer alone
19H But then again I always thought to
19L I jsut want to talk to someone but im
myself that everyone thinks they are
too fukin different i feel
different, don't they?
20H Don't stop suddenly, side affect can
20L I'd had enough, lost faith in my
be worse than what you are
psychiatrist and told him where he
experiencing now.
could jam his pills
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Stage 2: Validity testing
Validity testing of the Stage 1 findings employed quantitative methods in a two phase
approach (a. Exploratory; and b. Challenge) as recommended for the preliminary stages of
evaluating a diagnostic test [17]. The Method and Results for each of these phases will be
presented separately in turn.

a. Exploratory
The exploratory stage involved a preliminary examination of how well independent raters
could classify high- and low-engaged users on the basis of the awareness typologies that
emerged from the Stage 1 qualitative analysis. We sought to determine whether these ratings
could be used in a predictive model to differentiate the most highly engaged users from the
least engaged.

Method
Raters
Two mental health researchers (KA and DK), neither of whom had been involved in Stage 1,
served as the study raters.

Data
Data comprised the initial posts of the 25 most highly-engaged users and 25 single-post users
selected at random.

Procedure
The raters were provided with a written summary of the classification system for higher- and
lower-engaged users that emerged from Stage 1 of the study (see box 1 below). This summary
described the three domains in which the groups differed.
Each rater was asked to independently classify each of the 50 initial user posts as being from a
‘high’ or ‘low’ engaged user by providing four ratings for each post. This included a binary
rating for the presence of each of the three types of awareness and a score out of 10 to
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indicate overall whether they thought the user was ‘high engaged’ (10), ‘low engaged’ (0) or
not sure either way (5). Coders were blinded as to group membership and posts were
presented in random order. Following their initial independent rating (for analysis of intercoder reliability) the raters conferred to provide a consensus rating (for analysis of the validity
of the classification system). Training on a practice set was not conducted due to the small
number of available high-engaged users.
Box 1. Summary of the observed differences between high- and low-engaged users in the
content of their initial post used to instruct the raters.
The difference between high- and low-engaged users is not discernible from the nature of
the circumstances that they describe in their posts, but rather it is discernible from the way
that they describe them.
In order to differentiate the users, focus on the perspective from which the user appears to
view their issues. There are three main ways in which this perspective differs:
•

Interpersonal-awareness: High-engaged users often show that they have sought to
learn about the BlueBoard community, i.e. by reading posts, and considered how
their first post may relate to others before writing it. They often appear to have a
specific idea of why they want to engage with the community e.g. for
empowerment, shared understanding and timely support. The way they express
themselves also appears more courteous of other users. In contrast, lower-engaged
users often do not demonstrate this level of interpersonal-awareness. They often
appear to be making a generic request for help. They appear to be motivated
primarily by an urgent awareness that they need help from other people, but are
unsure as to what that help specifically is.

•

Mental-health-awareness (knowledge and experience): High-engaged users tend to
have a multifaceted appreciation of the various matters involved in managing one’s
mental health proactively and the ongoing effort involved. In contrast, low-engaged
users often express themselves in ways that reveal they think or hope something
can make their mental health issues go away. This distinction extends to users who
are providing advice to others.

•

Self-awareness: High-engaged users often describe themselves and their
experiences using a reflective style that is indicative of meta-awareness of self. This
awareness involves recognition of helpful and harmful factors in one’s own
emotional, behavioural and cognitive response to situations or experiences. In
contrast, low-engaged users tend to write from the perspective of being in and
overwhelmed by situations and experiences. This difference can be the most
difficult of the three to discern. Don’t expect a high-engaged user not to say they’re
overwhelmed. To the contrary, if a user is explicitly acknowledging that they are
overwhelmed, it is indicative that they somewhat self-aware. The difference
between the two types of users is only apparent from the style of writing that
indicates the perspective from which they are viewing the distressful experiences.
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Analyses:
Inter-coder reliability was analysed using Cohen’s Kappa for the binary ratings in each of the
awareness domains and Pearson’s rho for the overall score out of 10. Logistic regression was
used to develop a predictive model for the top 25 users by posting frequency from the binary
and continuous awareness ratings. The relative goodness of fit for models was assessed
through the Akaike Information Criterion, and the predictive power of the final model was
determined by computing the area under the Receiving Operator Curve in SPSS version 22.0.

Results
The inter-coder reliability was low to moderate among self- (62% agreement, k = .28),
interpersonal- (70%, k = .42) and mental-health- (70%, k = .42) awareness ratings. Correlation
of the overall Score out of 10 was moderate (r = .58, p<.001). There were 16/25 high
interpersonal ratings among the high-engaged group compared with 6/25 in low-engaged
group. For mental-health-awareness, there were 11/25 in the high group and 7/25 in the low
group. For self-awareness, there were 12/25 in the high group and 8/25 in the low group. The
overall score out of 10 was normally distributed (Mean = 5.0 SD = .30); 22 users scored higher
than 5.
Seven simple logistic regressions were undertaken separately for each of the three binary
awareness scores; the overall score out of 10; and three binary scores indicating whether or
not a user had received at least one, two or three awareness ratings of any kind (e.g. coded 1
for greater than or equal to 2 awareness ratings of any kind, and coded 0 for less than 2).
Interpersonal awareness (OR= 5.63, p<.05), the overall score out of 10 (OR=1.34, p<.05) and
the binary score for at least one awareness rating (OR=6.73, p<.01) emerged as significant.
These factors could not be combined in a more complex model due to multicollinearity. The
model with the best fit was the binary awareness score indicating that a user had received at
least one high awareness rating (AIC=61.22). The diagnostic accuracy of this binary awareness
rating in predicting user engagement was found to be significantly better than chance (AUC =
.72, 95% CI = .58 - .87) as shown in Figure 1. This criterion produced 36 out of 50 correct
classifications (sensitivity = .76; specificity = .68). It is likely that the blind coders achieved close
to optimal scores for this data, given that a non-blind coding conducted by the first author
(BC), achieved 38 correct classifications out of 50 and that, as acknowledged in Stage 1, the
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classification system reflected a trend rather than an invariable difference in responses as a
function of engagement.

Figure 1. ROC curve showing the accuracy of the aggregate awareness rating (>=1 out of 3) for
the classification of high- and low-engaged users.
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b. Challenge
Since Stage 2a provided preliminary evidence of the validity of the classification system, we
progressed to Stage 2b which involved a ‘challenge’ of the system employing the same
methods as Stage 2a but with the addition of less clearly differentiated cases in the analysis.
Again, we sought to determine if awareness ratings could be used in a predictive model
designed to differentiate the most highly engaged users from among users across the entire
spectrum of engagement.

Method
Data
In addition to the 50 post ratings from phase 1, data for this analysis included further ratings
by the coders of the posts of the moderate-engaged group (n=50) and the lower-posting half
(n=25) of the high-engaged users (in total, n = 125).

Raters and procedure
The previous raters (KA and DK) coded the additional posts following the same procedure as in
the exploratory phase. They had not received feedback on their exploratory phase ratings.

Analysis
Inter-coder reliability for the additional 75 posts was analysed using Cohen’s Kappa for the
binary ratings in each of the awareness domains and Pearson’s rho for the overall score out of
10. Logistic regression was used to develop a predictive model for the top 25 users by posting
frequency from the binary and continuous awareness ratings. The relative goodness of fit for
models was assessed through the Akaike Information Criterion, and the predictive power of
the final model was determined by computing the area under the Receiving Operator Curve in
SPSS version 22.0.

Results
The inter-coder reliability was low to moderate among self- (72% agreement, k = .28),
interpersonal- (65%, k = .31) and mental-health- (67%, k = .28) awareness ratings. There were
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28/75 high interpersonal-awareness ratings, 21/75 high mental-health-awareness ratings and
20/75 high self-awareness ratings. Table 3, which groups the sample into five equal groups of
25 according to the user’s total post frequency, shows that higher awareness ratings were
greatest among the 25 highest-posting users. The overall score out of 10 for the sample
(n=125) was normally distributed (Mean = 4.6, SD = 1.8); 48 users scored higher than 5.
Seven simple logistic regressions were undertaken separately for each of the three binary
awareness scores; the overall score out of 10; and three binary scores indicating whether or
not a user had received at least one, two or three awareness ratings of any kind (as described
in a) above). Interpersonal awareness (OR= 3.45, p<.01), the overall score out of 10 (OR=1.45,
p<.01) and the binary score for at least one awareness rating (OR=4.37, p<.01) emerged as
significant. These factors could not be combined in a more complex model due to
multicollinearity. The model with the best fit was the aggregate binary awareness score
indicating that a user had received at least one high awareness rating (AIC=117.50). The
diagnostic accuracy of this aggregate binary awareness rating in predicting user engagement
was found to be significantly better than chance (AUC = .67, 95% CI = .56 - .78). This criterion
produced 77 out of 125 correct classifications (sensitivity = .76; specificity = .42).
Table 3. Frequency of ‘High’ rating for each theme of awareness across the spectrum of
engagement grouped in bins of 25 users each.
Users (n=125) Posts
Range
639 – 11,994
145 – 568
4-70
2 -4
1

InterpersonalAwareness (out of
25)
16
9
11
8
6

Mental-HealthAwareness (out of
25)
11
8
8
5
7
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Self-Awareness (out
of 25)
12
8
6
6
8

Discussion
Principal Findings
To our knowledge, this study comprises the first systematic investigation of individual
differences in the initial post of users of a mental health Internet support group and is the first
study of the association between the content of the initial post and level of subsequent
engagement. Seven topic themes and 29 topic sub-themes emerged from a thematic analysis
of the first posts but these did not differentiate between high- and low-engaged users. Rather,
a qualitative framework analysis suggested that higher-engaged users were more likely than
lower-engaged users to demonstrate awareness of self, mental health and interpersonal
matters, a finding confirmed in a quantitative study by the blind ratings of independent judges.

The concept of awareness
Since the term ‘awareness’ has been used in the extant black and grey literature on mental
illness to convey different meanings in different studies and contexts [18-20] it is helpful to
consider the concept as it emerged in the current study before reflecting on the key findings.
The concept of awareness seen in the current data was consistent with that of Andresen et
al.’s [21] stage model of recovery from serious mental illness. In the latter model, the stage of
‘awareness’ refers to the individual’s awareness of the personal agency required for recovery.
In the current study, this was particularly apparent in the significant association between
interpersonal-awareness and level of engagement, whereby the high-engaged users had a
clear understanding of why they were participating (i.e. shared understanding, empowerment
and timely support) and were proactive about attaining it, as opposed to low-awareness users
who were uncertain about their needs and often made generic requests for help.
More broadly, the type of awareness reported in the current study is consistent with the
consumer model of recovery, in which autonomy [22] and empowerment [23] are central
components. Rather than focusing on cures that eliminate symptoms, as is the case in the
medical model, the consumer model frames recovery as being ‘recovery in’ rather than
‘recovery from’ an illness [24]. It has been argued that awareness of this difference brings
about a shift towards engagement in activities that support wellbeing, personal fulfilment and
social connection and that complement medical treatments [23]. It is conceivable that
understanding the recovery model requires a higher level of awareness of self, mental health
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and interpersonal factors than is required for an understanding the less complex medical
(curative) model.

Association between awareness and engagement
To our knowledge, the finding that initial awareness was greater among those who
subsequently engaged more on the MHISG is novel, not previously having been reported in the
literature. The finding has practical implications and raises questions about existing models of
MHISGs (see sections below). In addition, the data increase our understanding of highlyengaged users of MHISGs.
In the literature, the top 1% of users by posting frequency have previously been categorised by
some researchers as ‘super users’ [8]. However, the cut-off point between super users and
others, and indeed the concept of ‘super users’ has lacked a meaningful definition beyond the
operational definition of high-posting frequency [9]. Our finding that high-awareness
characteristics were significantly more prevalent among the top 25 consumers by posting
frequency (the top 1.5%) provides preliminary evidence that there is at least one meaningful
factor associated with high posting frequency. The finding also reinforces our previous report
from an automated topic model analysis of BlueBoard posts [12] that high- and low-engaged
users may differ in their beliefs about models of recovery. Together this and the current
findings suggest that low-engaged users may operate from the perspective of a medical model
and that high-engaged users adhere to a consumer-recovery model.
With respect to the validity analyses of the formal classification system, sensitivity was
adequate but the specificity was low indicating that some people demonstrating high
awareness did not remain engaged with the board. It remains to be determined if the
awareness measure captures factors that increase the potential for a user to become highly
engaged. If so, the ‘false positive’ group may constitute users who could be successfully
targeted with a suitable engagement promotion strategy, a possibility that merits careful
investigation.

Models of MHISGs
The finding that subsequent engagement level can be predicted by the nature of the first post
is not consistent with the ‘membership life-cycle’ model of depression Internet support groups
recently proposed by Nimrod [25]. The latter model posits that users transition through a
series of universal stages during their membership of a depression ISG. According to this model
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all users are initially ‘distressed newcomers’ who subsequently transition to ‘active help
receivers’ or ‘passive followers’, followed by ‘relieved survivors’ who either leave the group or
become ‘active help providers’ for other users. The model was based on a cross-sectional
survey of the users of 16 depression ISGs which found significant correlations between longer
membership duration and stronger endorsement of statements about the benefits of
participation (‘I cope with the depression better’, ‘I am more capable in dealing with daily
tasks’ and ‘I can be of help to others’). Implicit in this ‘life-cycle’ model is the assumption that
the primary role of depression ISGs is to reduce symptoms and that the ongoing participation
of users is motivated by the principal of reciprocity. The model does not take into account the
possibility that people who are currently symptomless might participate in the group to help
prevent a relapse. Nor does the model entertain the possibility that the focus of some users
might be to optimise their recovery by pursuing a meaningful and purposeful life rather than
to ‘cure’ their symptoms. Thus, although the life-cycle model may be applicable to some users
- for example to those classified as low awareness at the time of first joining the MHISG - it is
unlikely to be applicable to users with high-awareness at the time of joining.
An alternate view of the life-cycle of an MHISG involves a central group of high-awareness
users who are engaged intimately in mutual support and who sustain the group. In parallel,
low-awareness users intermittently approach the group for informal help or information and
constitute a transient subset of the ISG membership which receives support from the highawareness users. This model is consistent with the current findings, and those reported in our
previous studies in which we identified that the highest-engaged users have high network
centrality and that they registered significantly earlier than most other users in each of five
generation-like cohorts in the BlueBoard community structure [11]. We also observed that
they engage more frequently in consumer-recovery focused topics, whereas the other users
engage in topics typical of a medical perspective of recovery [12].

Practical Implications
From a community management perspective, these findings have the potential to assist in the
early identification of users who have the propensity to become highly engaged. The findings
may be useful in increasing the efficiency of community building strategies for MHISGs. They
also raise concerns about the appropriateness of attempts to encourage low-awareness users
to become more highly engaged. The association between awareness and engagement may
reflect the explicit intentions and needs of users. It cannot be assumed that encouraging
further engagement of users, particularly low-awareness users, is necessarily in their best
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interests. A recent study of an online breast cancer support group reported that users who
sought and/or were provided with informational support were more likely to exit the group
[26] whereas users who sought and/or received emotional support were more likely to remain
engaged. This does not necessarily indicate that a good strategy for building a community
involves providing all users with emotional support. Rather, the needs of low-engaged users
might be best met in a different way to those of higher-engaged users given the brief period of
their engagement. For example, it may be possible to trial messaging that refers users to
formal sources of help or evidence-based treatment and other information, possibly tailored
to the individual post using automated or non-automated methods. From both a research and
clinical perspective it would be possible to track whether or not the initial user followed the
link in the response to the user’s initial post. The important future research question arising
from these findings is therefore not simply – ‘what community management strategies are
beneficial generally?’, but rather, ‘what community management strategies are beneficial for
what types of users?’.

Limitations and future research
The current study aimed to investigate early predictors of high and low engagement on an
MHISG. Ideally, this process would have involved a qualitative investigation based on data
from a subset of the board, a developmental data subset to enable training on the
classification system and a subset to test the classifier. However, due to the Zipfian nature of
the frequency of posts on a bulletin board [7], and the findings of the qualitative analysis
indicating that the concentration of high-awareness characteristics was only clearly visible in a
small number (n=25) of highly-engaged users, there were insufficient high-engaged users to
divide the board into data subsets. Accordingly, the current investigation serves as a
preliminary exploration of awareness as a factor in subsequent ISG engagement. It provides a
basis from which to undertake further research on similar ISGs to test the validity and
generalizability of the current findings.
Given the subjective nature of the framework analysis, the blinded judgements were a
potentially useful device for evaluating the validity and reliability of the framework. However,
the inter-coder reliability was low, even after the initial set of coder practice, limiting the test’s
potential replicability. The low reliability may indicate a lack of clarity and specificity in the
framework description in the rater guide or it may reflect a level of ambiguity in the posts.
With respect to the former, descriptions were kept general without explicit examples to avoid
inflating the accuracy of the test by overfitting the test to the current data. The broad nature
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of the description does increase the potential generalisability of the findings to and testing of
the framework in other contexts during which process the coding scheme can be refined.
Awareness characteristics only accounted for a portion of the variance associated with
subsequent user engagement, and may not be a causal factor. A post hoc quantitative analysis
indicated that high-engaged users (n=14) were significantly more likely than low-engaged
users (n=5) to create their first post in the Bipolar Disorder forum, chi squared = 4.0 p< .05. It is
possible that there is a separate moderator such as chronic illness or elevated levels of output
during manic episodes which explains the observed findings. Standardised measures of illness
type, severity and chronicity would enable this possibility to be tested more reliably than in the
form it was available through the current study. Beyond user characteristics, interactions
between users may be another major driver of user engagement [27]. This effect remains to be
investigated in an MHISG.

Conclusion
The degree of awareness with respect to self, mental health and interpersonal matters
demonstrated by a user in their initial post predicts the frequency of the user’s subsequent
engagement. High awareness in these domains is significantly more prevalent among the
highest-contributing users (top 1.5%). This information may be useful for the early detection of
people who could be supported to become core contributing members of the community. It
also highlights that optimal community management must extend beyond facilitating
engagement in the community to considering how the needs of low-awareness users may be
best met in the brief period in which they are likely to be engaged.
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Chapter 8
This chapter commences with a summary of the key findings of this thesis (Section 8.1) and
consideration of the research and its methods in the context of the extant literature (Section
8.2). A synthesis of findings is then presented in the form of a model of participation in an
MHISG (Section 8.3) followed by a discussion of potential implications of this model in practice
(Section 8.4); the strengths and limitations of the methods employed in this thesis (Section
8.5); possible directions for future research (Section 8.6); and a conclusion to the thesis
(Section 8.7).

8.1 Summary of research findings
8.1.1 In what ways has participation previously been defined and measured in an
MHISG, and other online health communities? (RQ1)
The systematic review conducted at the outset of the thesis found that many different metrics
have been employed to characterise active participation in health ISGs (Chapter 2 [1]). The
single most commonly employed metric of participation across all health ISGs, as well as
MHISGs alone, was posting frequency, with higher posting frequency often viewed as an
indicator of the value a user contributed to the community. A minority of the studies
identified in the review combined metrics to create sophisticated measures of multidimensional, specific participation styles, such as ‘influential users’ or ‘key players’. However,
there was little overlap in the multi-dimensional measures employed across studies and little
indication of the convergent or divergent validity of the measures.
Many of the participation styles identified have not yet been investigated in an MHISG and it
may be beneficial to do so in future. However, it was clear from the review that there
remained major unanswered questions relating to MHISG user engagement as measured by
the single metric posting frequency. It was, for example, not acknowledged by the literature
that differences in posting frequency may reflect qualitatively different styles of participation
in an MHISG. Rather, posting frequency has typically been regarded in the literature as a
unidimensional measure of the level of engagement in a single type of activity in which all
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users participate. Given the extent to which these assumptions regarding posting frequency
and engagement were embedded in the literature and the other extant gaps in research on
this common metric, we regarded this topic as a priority for research.

8.1.2 What is the nature of active participation in BlueBoard (in terms of user
characteristics, activity, connectivity and content) and does it differ between
differentially-engaged users? (RQs 2-6)
The empirical studies in this thesis investigated user characteristics, connectivity and content
to determine if these attributes were associated with differences in posting frequency. Some
differences in user characteristics were apparent, including higher posting frequency by
consumers compared to carers and others, fewer posts for those younger than 20 years
compared to the 20 to 34 and 35 to 50-year-old groups, and a trend towards lower posts
among rural and remote residents compared with their urban counterparts (Chapter 4 [2]).
However, the predictive value of these demographical and clinical characteristics was very
small (Chapter 4 [2]).
More striking was the observation that highly-engaged users presented differently to lowerengaged users in their initial post (Chapter 7 [3]). Higher-engaged users tended to
demonstrate raised consciousness levels in multiple ‘awareness’ domains, including awareness
of self in terms of affect, behaviour and cognition; awareness of mental health with respect to
knowledge and experience; and, particularly, interpersonal awareness relating to the benefits
to self and others of engaging with an MHISG (Chapter 7 [3]). Furthermore, this difference was
consistent with the findings from a large-scale automated quantitative study on all post
content which revealed systematic differences in the topics on which higher- compared to
lower-engaged users focused (Chapter 6 [4]). The latter study concluded that higher-engaged
users posted on topics about recovery in mental illness that aligned with the consumer-based
model of recovery whereas their lower-engaged counterparts contributed on topics consistent
with the medical model (Chapter 6 [4]); the qualitative findings from the study in Chapter 7
were consistent with this interpretation.
The position of the most highly-engaged users in the network was also found to differ
systematically from that of the lower-engaged users (Chapter 5 [5]). Rather than there being a
modular community structure that revolved around homophily in user characteristics or that
was delineated by structural boundaries set out by the different topical sub-forums, high-

118

engaged users were found to be central to five groups that could be interpreted as
generational cohorts across the almost six-year lifespan of the MHISG (Chapter 5 [5]). The
studies do not provide evidence of causality. However, given that highly-engaged users
registered significantly earlier than the median user in each cohort (Chapter 5 [5]) and that
there were systematic differences in the way they presented prior to any other interactions
with users (chapter 7 [3]), it is possible that the social dynamics of the group were markedly
affected by the highly-engaged users. Consistent with this possibility, it was observed that
highly-engaged users adjusted the content of their posts in response to the topics initiated by
lower-engaged users (Chapter 6 [4]). This suggests that highly-engaged users perform an active
help provider role, albeit as a minority component of their overall activity. The majority of
activity (posts) by higher-engaged users took place in the threads of other highly-engaged
users. This suggests that they were also performing a role as help providers to other highlyengaged users. Significantly, the types of content used in responses to other highly-engaged
users differed significantly from that of the content in the responses to low-engaged users,
with a greater use of topics aligning with consumer rather than medical conceptions of
recovery. This suggests that there may have been a difference in the types of help provided by
the highly-engaged users to these two groups.

8.2 Findings and methodology in the context of other research
The empirical studies in this thesis have contributed several novel findings to the field of
MHISG research using methods and analyses not previously applied to this topic.
Firstly, a power law (Zipfian distribution) had not previously been fitted to or reported to
describe the distribution of participation in an MHISG (Chapter 3 [6]). However, the findings
are consistent with those previously reported for a range of other digital and non-digital
phenomena [6], providing further evidence of the ubiquitous nature of the Zipfian distribution.
Secondly, user characteristics data collected during registration has not previously been
reported in a study of an ISG for depression and related mental disorders to reduce the
selection biases observed in survey data studies (Chapter 4 [2]), although such data has been
reported in studies of problem drinking and smoking IGSs [7, 8]. Accordingly, the validity of the
resulting findings is likely to be greater than those from previous studies of the MHISGs for
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conditions such as depression. Certainly, the findings from the current study indicate that
respondents in some surveys are not representative of all registrants. For example, a recent
study employing a cross-sectional survey [9] of respondents to an advertisement posted on 40
different MHISGs yielded a sample in which the average self-reported participant membership
duration was four years. This figure is very high in comparison to BlueBoard, in which only
3.7% of members were active for more than a year, and 49.0% were active for less than a day
[2], which together with the known distribution of activity on ISGs in general suggests that the
survey sample was biased towards the very highest-engaged users across those MHISGs. This
points to the need for a more careful consideration of research design in future studies of the
characteristics of ISG users.
Thirdly, the analysis of user sub-group modularity in Chapter 5 [5] and the topic modelling
technique implemented in Chapter 6 [4] each employed methods that were novel in the field
of MHISGs and provided a new perspective on large-scale patterns of participation that have
not previously been reported in the literature and which may otherwise not be visible to
community managers.
Fourthly, no study had previously systematically investigated the way in which users first
present to an MHISG, nor taken an inductive approach to content analysis to determine if
there are systematic differences between differentially engaged users (Chapter 7 [3]). The
study was the first to demonstrate differences in awareness characteristics between the highand low-engaged MHISG users.
Overall, the mixed-methods approach employed across the thesis has enabled the
triangulation of findings, particularly regarding potential differences in conceptions of recovery
among differentially engaged users.
Since the publication of the three articles in Chapters 3, 4 and 5, subsequently published
research has yielded results that are consistent with their findings; that is, the distribution of
engagement is repeatedly and optimally described by a power law [10], user characteristics
(demographics and indicated symptoms) are not strongly predictive of engagement [11], and
the modularity in community structure is broadly cohesive and united across different topical
threads by highly-engaged central users, [12]. The latter was observed, however, in an ISG that
was dedicated to a single condition, problem drinking, a condition for which, in contrast to the
Chapter 5 study, modularity cannot be differentiated by different condition-specific interests.
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The empirical studies in Chapters 6 and 7 have not yet been investigated or replicated in
another MHISG. A key finding of each of these studies was the differing conceptions of
recovery that were apparent in the content of the posts of higher- and lower-engaged users.
While the distinction between medical and consumer models of recovery may be particularly
relevant to mental health, it is also consistent with a broader trend in online health
communities in which higher-engaged users tend to engage more in emotional support and
companionship than lower-engaged users who tend to focus more on informational support
[13-15]. Indeed, this distinction may be consistent with an observation regarding
prototypicality in online communities generally. A recent study using natural language
processing techniques to analyse the nature of three different online communities found that
the prototypicality of a user, as measured by the nature of their language use, was predictive
of leadership status as judged by peers [16]. The notion that leaders in an MHISG are those
who are most prototypical of the group is consistent with well-established social psychological
theories of group membership [17].This may be exemplified anecdotally by a report from a
recent study in which participants who self-identified as having depression and/or anxiety
were directed to participate in a long-established MHISG (Psych Central). One participant who
encountered difficulties in engaging in the intervention reported: ‘It seemed that the majority
of the regular posters on Psych Central went way beyond a tad anxious or a bit blue. A lot of
the members had severe mental illnesses or told stories about going through horrendously
traumatic experiences. I felt a little over my head in the community.’ [18].
Although it is not the subject of research in the current thesis, it is conceivable that the clinical
outcomes of MHISG users with different participation styles differ. It is also possible that the
current findings shed some light on the inconsistencies in findings in the current literature. As
noted in Chapter 1, Griffiths et al [19] reported that a depression ISG intervention purposedeveloped for the research study resulted in a significantly greater reduction in depression
than an attention control condition. By contrast, Dean et al [18] found no difference in
depression outcomes for participants referred to a pre-existing MHISG compared to
participants encouraged to engage in an expressive writing exercise, and that the observed
changes in outcomes were similar to those recorded in no-treatment control groups of other
studies that employed computer-based treatment programs. In the past, Barak et al [20] has
asserted that research on purpose-built ISGs lack ecological validity as they lack the
therapeutic components that occur in ‘real’ ISGs. In this context, the differing findings from the
two studies might appear somewhat paradoxical. However, in the absence of a pre-established
culture and leadership, it is possible that the purpose-constructed MHISGs provided
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participants who might otherwise have failed to engage or identify with a pre-existing MHISG,
a greater opportunity to engage in mutual help [19, 21, 22]. Previously, studies have shown
that there is an association between higher levels of activity in an MHISG and better outcomes
in terms of self-reported emotional distress in the content of posts [23] and depressive
symptoms as measured by a cross-sectional survey [24] and longitudinal surveys [25].
However, none of these studies employed a randomised controlled trial design. Thus, it is not
clear if this is a causal relationship, nor, if it is causal, whether higher posting frequency is
beneficial in of itself, or whether it is simply a proxy measure of different types of peer support
that differ in their benefits. Further research could test these hypotheses.
Certainly, it is clear that there is a dearth of knowledge regarding the experience of lowengaged active help seekers of whom the majority of users in ‘real-world’ MHISGs are
comprised. It is possible that MHISGs do not reduce symptoms for the majority of low-engaged
users. However, Barak et al. have asserted that there may be other more pertinent potential
benefits of MHISGs [20]. It has been suggested that in ‘real life’ the impetus for seeking help
from an MHISG comprises a combination of symptoms, social isolation, stigma, convenience
and reluctance to seek professional help, and that the benefit of engagement is not symptom
reduction per se, but rather the resulting consumer activation, challenge to self-stigma and
help seeking from a professional [26, 27]. There is evidence based on self-reported data that
for a substantial minority of users (36%), the MHISG has been a catalyst for formal helpseeking, and that active users are more likely to have sought formal support than passive users
[9], albeit that the latter may reflect pre-existing characteristics that prompted active
participation in the MHISG. Further research is required to investigate the factors associated
with professional help seeking in association in MHISG use, particularly among low-engaged
users.

8.3 Synthesis: A model of participation
The current findings, together with previous research, provide a basis on which to propose a
new model of MHISG participation. This model, referred to here as The Tripartite Model of
MHISG Participation, comprises four styles of participation (passive followers and help seekers,
mutual helpers, active help seekers, and active help providers) and is illustrated in figure 8.1. A
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summary of the characteristics which define each participation style, arising from studies in
this thesis, is provided in table 8.1.
The proposed model contains groupings of participation styles at three levels with transitions
between the four styles of participation. It shares some attributes of the ‘membership lifecycle’ model [28] (see Chapter 1) in that both the latter and the Tripartite model include the
‘passive’ and ‘active help-seeker’ participation styles and transitions between roles. However,
the Tripartite model also includes mutual helpers. The life-cycle aspect in this model is
represented by the replications of the same structure which depict the generational cohorts
observed in Chapter 5. This illustration has strong similarities with the graphical representation
of the BlueBoard community structure in figure 2 of Chapter 5, which highlights the highengaged users as central to the network surrounded by many low-engaged users in the
periphery. This model also draws on suggestions that online communities are often
characterised by a core-periphery structure [29, 30].
At the top layer of the Tripartite model are mutual helpers. High engagement (as measured by
posting frequency), high awareness characteristics, network centrality, early registration
relative to the peers with whom they communicate and a tendency to communicate about
topics that resemble the consumer-defined notion of recovery are defining characteristics of
this participation style.
The second layer of the Tripartite model comprises active help seekers and active help
providers. In contrast to the mutual helpers, these two participation styles are characterised by
low engagement, low awareness characteristics, low network centrality and a tendency to
communicate about topics that resemble the medical-defined notion of recovery. Active help
seekers and active help providers are distinguished from each other based on the direction of
help being provided, as indicated by the content of posts or activities such as starting a thread
in order to seek help, or responding in a thread in order to provide help to another user.
At the base of the Tripartite model, there are passive followers and help seekers. Previous
research has defined this group as those who read but do not actively participate; they are
often referred to as ‘lurkers’ [31].
The arrows in the diagram represent transitions between participation styles. Hypothetically,
any user may transition between any two participation styles and back again. The diagram only
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includes arrows for which there is empirical evidence of the transition. Passive followers and
help seekers are believed to benefit vicariously [32, 33]; however, they have also been
observed to transition to the active participation styles: mutual helpers, active help seekers
and active help providers (Chapter 7 [3]). Mutual helpers benefit from each other, however,
they often transition in their participation style temporarily to serve as active help providers
for the active help seekers (as indicated in the diagram by the two-way arrows).
The difference between active help providers and mutual helpers is defined by the extent to
which the interactions between users are transient and asymmetrical. Active help providers are
engaged in relatively transient interactions with other users, whereas mutual helpers are
engaged in more sustained and symmetrical relationships with each other (resulting in higher
posting frequency). The nature of these types of peer support, in terms of the types outlined in
Chapter 1, is akin to mutual help between the mutual helpers and a consumer-run service
between the active help providers and active help seekers. In the case of the latter, it involves
users with low levels of awareness seeking help from consumers who are more advanced in
their recovery and who have higher levels of awareness [34] and are providing their expertise
in a voluntary rather than professional capacity. Hypothetically, the active help providers may
also provide support to mutual helpers, although this was not directly investigated by a study
in this thesis and requires investigation. In contrast to the conclusions from previous crosssectional survey research (and the corresponding Membership Lifecycle model) which has
suggested that there is a gradual progression from the role of low-engaged distressed
newcomer to high-engaged help provider [28], the current research suggests that highengaged mutual helpers are also potentially differentiated from low-engaged active users from
the outset of their participation by their awareness characteristics.
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Figure 8.1. Tripartite Model of MHISG Participation. The arrows indicate transitions in
participation style that have been evinced in the current thesis, although it is plausible that a
user may transition between any two participation styles. Participation styles are outlined in
table 8.1.
Table 8.1. Defining metrics of the participation styles in the Tripartite model
Participation
style

Metrics

Mutual helpers

Activity: High posting frequency
Characteristics: High interpersonal awareness, consumer, older,
registration early relative to connected users
Connectivity: high network centrality
Content: typical of consumer model of recovery
Activity: variable but often same as mutual helper, responding in a thread
Characteristics: variable but often same as mutual helper
Connectivity: variable but often same as mutual helper
Content: typical of medical model of recovery
Activity: low posting frequency, starting a thread
Characteristics: low awareness
Connectivity: low centrality, peripheral in network
Content: typical of medical model of recovery
Activity: No posting frequency
Characteristics: No evidence from the current studies
Connectivity: Not applicable
Content: Not applicable

Active help
providers

Active help
seekers

Passive
followers and
help seekers
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The most important contribution of the proposed Tripartite model is the shift from a dualistic
model, in which participation is conceptualised only as active or passive, to a more refined
model in which active participation is further differentiated by type of peer support. In the
Tripartite model, the MHISG is sustained by a core group of users who are engaged in longterm symmetrical relationships with one another with the aim of achieving personal recovery.
Peripheral to this are the majority of users who approach the group and engage in transient
asymmetrical interactions with the core members and one another. The core members are
engaged in mutual help and the peripheral members engage briefly with a consumer-run
service. Although posting frequency alone does not discriminate between these different
styles of participation, the studies in this thesis demonstrate that frequency is associated with
these styles and may therefore serve as a legitimate proxy measure for them.

8.4 Implications for practice and policy
The main implication of the current research for practice is that MHISG service delivery may be
optimised by modifications that account for differences in user characteristics and
participation styles. The empirical studies in this thesis were confined to descriptive and
correlational analyses. We did not undertake studies of the effect of tailoring interventions on
symptoms and recovery. Accordingly, it is not possible to recommend specific, evidence-based
tailored interventions for users. However, the findings in the thesis provide a basis on which to
suggest modifications to an MHISG that may be beneficial and that could be investigated by
future research.

8.4.1 Presentation of the MHISG to new users
In Chapter 7, it was observed that low-engaged users often had low interpersonal awareness
of the community to which they were presenting and low awareness of how participation in
the community might be of benefit to them, as was illustrated by the user who wrote ‘I don’t
know how this really works’ (see p. 101). New users in an MHISG may therefore benefit from a
description of the community, the different ways in which people participate and the different
ways a person may benefit from participating in the community. This thesis has observed
diversity in MHISG participation, with clear differences in the nature of the participation of
users who have different posting frequencies. It cannot be assumed that encouraging more
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participation from all users will be of benefit to them. It may be more beneficial to focus on
the quality of that participation, regardless of the level or duration of the activity.
The research in this thesis has provided important insights into the nature of participation in
an MHISG. However, the model of participation emerging from the thesis is currently not
reflected in the representation of the community on home pages of MHISGs. This is illustrated
by a perusal of the home pages of several well-established MHISGs including, for example, the
SANE forums and Psych Central (see figures 8.2 and 8.3) that use a similar presentation style
and layout to BlueBoard. By displaying only registration statistics, these home pages convey
the impression that the community is comprised of a large number of people with
conversations distributed across multiple different sub-forums and threads. Commonly, MHISG
forums show that there are thousands of threads and hundreds of thousands of posts. This
information is factual. However, standard statistics do not convey the information that the
vast majority of activity on the boards is actually the product of a small group of members, and
that although a community may appear to be distributed across multiple sub-forums, the
community is actually coherently united by this core group of users. It is perhaps not surprising
then that most users do not present with a clear understanding of the MHISG (Chapter 7).
Assuming the findings from the current thesis generalise to other MHISGs, there may be value
in providing a description of the nature of the community and common participation styles
within it to new users. In particular, as detailed in box 8.1, it may be helpful to clarify that
although the community may seem large, the number of highly-engaged users is substantially
smaller [6] and that these users are often responsive and willing to offer support to new users
[4].
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Box 8.1: Suggested additions to introductory messaging for new MHISG users
Explain that:
(i)

Although there are many forums in which to participate in discussions, there is a
cohesive and supportive community that transcends these [5].

(ii)

The users who are most likely to respond to a new thread tend to participate in
multiple sub-forums [2]. It is therefore not necessary to introduce yourself wherever
the latest activity is occurring to obtain a response. Some MHISGs signal to new users
that they should introduce themselves in a specific sub-forum [35].

(iii)

It is common for people to present to an MHISG when they are distressed even though
they are unsure how it will help them and unsure how to participate [3]. (This message
aims to normalise all forms of participation and ensure some styles of participation are
not discouraged implicitly or inadvertently.)

(iv)

Forum users have different approaches to recovery, which may lead some members to
participate more frequently than others [4]. Some highly involved members engage in
ongoing participation to support their ongoing recovery [36], whereas others engage
short term in order to address and resolve information needs [37] or receive timely
support [36]. Users may also benefit from an explanation of the differences and
similarities between consumer (personal) and medical models of recovery.

Consistent with current best practice in the development of service delivery models in mental
health [38], users should be consulted and involved in the development of this messaging [39].

Overall, the aim of these suggested modifications to introductory messaging is to provide a
transparent and unambiguous experience for new users. The messaging is not designed to
encourage greater participation rates or activity, but rather to assist users to self-determine
whether and how active participation may be best suited to their needs. However, as
acknowledged above, the effectiveness of this approach compared to standard practice
requires empirical evaluation.
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Figure 8.2. SANE Forums Home Page

Figure 8.3. Psych Central Forums Home Page
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8.4.2 Supporting active help providers to support others
As outlined in Chapter 1, there are numerous ways in which the coordinated delivery of mental
health services requires improvement [40, 41]. There is not a single solution to the problems
facing the mental health sector, but there are some areas such as e-mental health and peer
support that have been identified as offering important potential to assist. The findings of this
thesis suggest that, at the interface of these two areas, there are individuals who voluntarily
provide peer support to thousands of people, and through which thousands more have the
potential to benefit passively. There may be cost-effective and wide-reaching benefits to
implementing policies that support these highly-engaged individuals in a manner that may
enhance their impact.
In face-to-face services, the role of peer workers has been supported by the development of
an accreditation scheme for peer work. For example, in Australia a nationally recognised
qualification known as the ‘Certificate IV in Mental Health Peer Work’ has been funded and
developed [42]. This accreditation scheme is designed for consumers and carers who are
employed as peer workers. Given the potential influence of high-engaged users in MHISGs,
consideration could be given to developing and offering a version of this course that is tailored
to MHISG users who take on leadership roles as active help providers to other users within the
ISG. Further research and design work would be required to inform the development,
implementation and impact of such a course. Other approaches to supporting online peer
leaders could also be investigated and debated. For example, pharmaceutical companies have
recently begun sponsoring and publicising the proceedings of conventions for online health
advocates [43].

8.5 Methodological strengths and limitations of the investigation
8.5.1 Strengths
The aim of this thesis was to develop a greater understanding of MHISG participation.
Ultimately, there is little benefit to this knowledge unless it is linked to outcomes. However,
the design of optimal interventions is facilitated by a scientific understanding of the nature of
the processes that underpin them; this thesis has both advanced our understanding of the
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nature of MHISGs and generated testable hypotheses for future research on both MHISG
processes and outcomes.
The studies in this thesis have employed a range of methodologies, novel and conventional,
and qualitative and quantitative. It has demonstrated the benefits of novel automated
methods that can be employed on large-scale networks and which avoid the potential biases
associated with selection effects in time-consuming manual analysis methods which
necessarily rely on sampling a subset of data. Notably, the use of a topic-model to investigate
the nature of content across the entirety of BlueBoard post content provided a comprehensive
method of analysing the content that might be critical to the dynamics of the community. This
allowed for detection of broad trends in the data including the novel finding that user
conceptualisations of recovery may differ for high- and low-engaged users [4]. A follow-up
study (in Chapter 7) using a qualitative manual content analysis also provided evidence of
these differing conceptualisations of recovery. Thus, the use of differing methodologies to
triangulate the findings served to increase the validity of the study conclusions. Similarly,
converging evidence of awareness differences between high- and low-engaged users emerged
in both the quantitative topic model analysis and the qualitative post analysis. This evidence
of convergence in outcomes for the different methodologies suggests that topic modelling
may be a valid exploratory technique for future research on MHISGs. Furthermore, the use of
data collected from users during registration and the log data of their activity was also an
important strength of the methods employed in this thesis. This data provided a more reliable
perspective on community structure and user characteristics than previous depression ISG
studies which to date have relied on survey data of a small subset of ISG users.

8.5.2 Limitations
This thesis involved a mixture of qualitative and quantitative methods in part to address the
methodological limitations associated with each and to provide a means of validating the
results by triangulating their respective findings. However, this overall approach and the
conclusions that could be drawn from it, was limited by the restriction of the content analysis
(Chapter 7) to a small sub-set of high-engaged users since there are so few of the latter.
Although this thesis employed systematic approaches and methods designed to overcome the
potential for bias that was evident in previously published studies, it is possible that these
methods have failed to elicit the underlying complexity of behaviour in MHISGs. Quantitative
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studies, such as topic modelling and modularity analysis, are capable of detecting broad
patterns but may not be sufficiently sensitive to reveal key details underpinning active
participation. While, the qualitative analysis of initial posts did enable a more in-depth
analysis, this analysis was confined to the user’s initial post. Thus, although together the
studies provided breadth and depth of knowledge, they did not necessarily provide a
comprehensive understanding of an MHISG.
The possible analyses and hence conclusions in the studies in this thesis were limited by the
available user registration data. The validity of data provided anonymously online cannot be
guaranteed. Further, reliable data was not available for symptom severity, chronicity,
diagnosed condition, attitudes to seeking professional help and stigma. Future research that
incorporates these measures may provide a more nuanced or even an alternative perspective
on the nature of participation in an MHISG.
Since the current studies were focused on a single MHISG, it is unclear if the findings from this
thesis are applicable to other MHISGs and, moreover, online health communities broadly.
Thus there is a need to replicate studies in the thesis in other MHISGs, particularly the study in
Chapter 7. Again, the limitation regarding the quantity of available data for high-engaged users
in their initial posts imposes restrictions on the degree to which the findings may be reliable. If
the development of a tool for predicting user engagement is to be progressed, studies will
require access to data from multiple MHISGs.
In Chapter 5, the modularity of the BlueBoard social network was inferred from coparticipation in a thread and connections between users were weighted by the number of
different threads in which both users participated. This methodology had some limitations. It
may have underestimated the degree to which some high-engaged users communicated with
each other in a single thread and overestimated the extent to which they connected with the
rest of the community. Similarly, in Chapter 6, assumptions were made about the direction of
communication in threads, with the user who initiated the thread being assumed to be the
intended recipient of all communications (posts) made thereafter. Future analyses that are
based on more refined models of directed communications may provide a more nuanced or
alternative perspective on the nature of participation in an MHISG.
Finally, statistically, the power law distribution of engagement presented a challenge for the
quantitative analyses throughout this thesis. Linear regression could not be used due to
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violations of the statistical assumption of normality of residuals. Non-linear regression would
have limited the interpretability of the output. However, the logistic regression and nonparametric tests that were undertaken instead reduced the power of the analyses and
precluded a study of potential differences at the full range of the points in the spectrum of
engagement.

8.6 Future research
8.6.1 Direct extensions
The current findings suggest a number of directions for future research with respect to (i) the
nature and (ii) the outcomes of participation. Each is discussed in turn below.
(i) Nature of participation. The studies in this thesis require replication in other MHISGs in
order to assess their reliability. In particular, there is a need to investigate if the differing
conceptions of recovery between higher- and lower-engaged users are evident in other
MHISGs, and if so to undertake follow-up studies to examine the nature of this difference. For
example, studies should determine the extent to which the difference in conception of
recovery is explicitly acknowledged by users in an MHISG, or whether the current findings are
a function of some other important difference between users.
The empirical studies in this thesis focused on frequency of posts. For pragmatic reasons, a
wide range of other participatory styles were not investigated. Developing a better
understanding of other participation styles, including those identified by the systematic review
in Chapter 2 may have promising applications (e.g., in the optimisation of the dissemination of
health information). Further research is also required to investigate if there are other distinct
participation styles not identified to date, and if so, to investigate their potential role in the
delivery of tailored health promotion strategies.
(ii) Outcomes of participation. Studies are needed to examine a user’s mental health and
related outcomes as a function of their interactions within an MHISG. The Tripartite Model of
MHISG Participation could provide a framework for the design of such investigations. It
is neither feasible nor ecologically valid to randomly allocate users to groups in which they are
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instructed to participate using different styles. However, it may be informative to track who is
interacting with whom and correlate these occurrences with outcomes of participation, such
as empowerment, hope, symptoms, stigma or attitudes towards seeking professional help.
Such outcomes may be measured by very brief surveys following user interactions, with effects
adjusted for initial status recorded at the time of registration. It would not be necessary to
measure all of these outcomes in a single survey or a single person. Other important
outcomes could be measured passively. For example the activity of users, such as clickthroughs on links referring users to other professional sources of help, could be tracked online.
Furthermore, optimising MHISG service delivery will require systematic testing of the effects of
various modifications to MHISGs to determine what works best and for whom. With respect to
the modifications suggested in the Implications section (8.4) above (welcome messages and
skills training for users), it should be noted that the desired mental health and behavioural
outcomes may differ as a function of different sub-groups of users. For example, a successful
manipulation of the welcome messages may increase the engagement of users with high
awareness characteristics, whereas success in the case of low-awareness users may increase
their professional help-seeking behaviour through referral information. Similarly, it might be
hypothesised that a skills training intervention for high-engaged users will yield positive effects
on personal recovery through the helper-therapy principle [44] with improvements to positive
self-identity [45, 46], whereas low-engaged users who interact with the trained users, may
experience greater improvements in hope, empowerment and willingness to seek help [47].
Finally, there is potential to test the effect of identifying and responding to ISG users
employing automated methods such as those that detect symptoms from text [48] and
provide automatic tailored feedback in response to users.

8.6.2 Broader implications for future research
As the granularity in the focus on the nature of participation in an online health community is
refined, the conception of the community as an intervention in its own right diminishes and a
conception of it as a lens through which to explore and influence health behaviour increases,
paralleling our notion of face-to-face communities. However, from the perspective of a
research enterprise, the online context presents a strong advantage for investigating health
behaviour over the off-line context in that the data for all users is recorded by default. The
ability to quantify and detect health behaviour and attitudes in this context thus provides a
powerful tool to conduct research on topics that are difficult to study in offline behaviour. For
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example, using Facebook social network data, a recent study has documented the spread of
‘emotional contagion’ through users of the website following the experimental manipulation
of the proportion of positive and negative sentiment content in users’ newsfeeds [49]. Using
the same principle, it may be possible to investigate the spread of other psychological
phenomena and associated behaviours such as stigma and attitudes towards mental health
help-seeking through social networks such as MHISGs. However, a major limitation of this
approach is that the data, in its natural language format, must be processed before it can be
used to infer these outcomes accurately. This barrier may be addressed in part by undertaking
research which employs machine-learning techniques, such as those in the current thesis [4] to
detect the phenomena of interest in the content of user interactions.

8.7 Conclusion
This thesis advances our understanding of MHISGs, illuminating the roles of users who may be
luminaries for others, and progressing the model of user participation from the current simple
active/passive dichotomy to a more sophisticated tripartite framework. The thesis provides
evidence that posting frequency is not simply a reflection of a participant engaging in more or
less of the same intervention, but rather is associated with fundamental differences in styles of
participation. It was observed that higher posting frequency is generally associated with users
engaging in mutual help with other higher-engaged users, and providing an active help
provider role to lower-engaged active help seekers, even though higher- and lower-engaged
users tended to differ in their approach to recovery. This new model and understanding
provides a fertile ground for future research studies and methodologies, and may inform the
work of policy makers and MHISG community managers tasked with optimising service
delivery. There are exciting opportunities to further explore the potential of MHISGs.
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