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Expressive writing has been shown to improve physical, mental, and social health outcomes for patients
struggling with difficult diagnoses. In many online health communities, writing comprises a substantial
portion of the user experience, yet little work has explored how writing itself affects user engagement. This
paper explores user engagement on CaringBridge, a prominent online community for writing about personal
health journeys. We build a survival analysis model, defining a new set of variables that operationalize
expressive writing, and comparing these effects to those of social support, which are well-known to benefit
user engagement. Furthermore, we use machine learning methods to estimate that approximately one third
of community members who self-identify with a cancer condition cease engagement due to literal death.
Finally, we provide quantitative evidence that: (1) receiving support, expressive writing, and giving support, in
decreasing magnitude of relative impact, are associated with user engagement on CaringBridge, and (2) that
considering deceased sites separately in our analysis significantly shifts our interpretations of user behavior.
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1 INTRODUCTION
A 2011 Pew Internet report indicates that 80% of American Internet users utilize the Internet to
satisfy health-related needs [26]. Compared to traditional medical services, the Internet can provide
easier access to information and 24-hour support than face-to-face or telephone interactions [101].
Furthermore, the wealth of resources available online can increase patients’ self-awareness of
disease [29, 92, 93].
In response to high demand for exchanging health information and support, online health

communities have emerged as a means of helping patients connect with others. These Internet
support groups cover various illnesses including cancer [58], substance use disorders [78], mood
disorders [46], established bad habits [82], and dementia [30]. Researchers have discovered that
participation in online support groups has beneficial effects on mental, physical, and social health
by reducing stress, depression, and psychological trauma [5, 94], enhancing optimism about life
[77], receiving social support [23], and coping more effectively with disease [50].
Besides offering information and support, online health communities can provide accessible

opportunities for writing about personal experiences of traumatic events (also called expressive
writing or disclosure writing) [34] and have been found beneficial to individual health outcomes
(see [67] for a review). Whereas factors such as receiving and giving support are known to be
beneficial [8, 43, 90, 91], it remains unknown how expressive writing affects member engagement
in online groups. Therefore, our first research question (RQ1) is:

• How does expressive writing affect member engagement in online health communities, relative
to social support?

RQ1 might, however, be impacted by a significant confound, i.e. survival bias. An important
consideration in the study of online health communities is that many patients battle life-threatening
or terminal diagnoses, such as many types of cancer. This difficult reality implies that some
community members literally die as a result of their medical condition. Historically in HCI, the term
“user death" has referred to the phenomenon of a user’s site ending for any unspecified reason. In
order to increase the clarity and precision of our language, we avoid using this term and introduce
two replacement terms: (1) we define sites which community members may have intentionally or
unintentionally left as “relinquished sites", and (2) we define sites where there is clear evidence
that a patient has died as “deceased sites". We do not know of prior work that systematically
identifies deceased sites or rigorously considers their statistical impact. Yet we believe that formally
differentiating deceased sites in our analyses will help to mitigate survival bias and enable CSCW
researchers to draw more valid conclusions in this space. Therefore, RQ2 is:

• Are deceased sites automatically detectable? If so, how do they affect large-scale quantitative
analyses of online health communities?

To address our research questions, this paper employs a mixed-methods quantitative approach to
analyze personal CaringBridge sites for cancer patients. First, we develop a machine learning model
to classify relinquished from deceased sites. These two conditions are then treated appropriately
in our second statistical method, Cox survival analysis, for which we operationalize variables for
expressive writing and compare its effects against those of social support. Finally, we perform a
validity check by running the exact same survival analysis modelwithout considering the distinction
between relinquished and deceased sites.
In the next section, we provide an overview of related literature. We go on to describe our

research platform and design, expand upon the theoretical foundations of our research questions,
explain our methods, and present results. Finally, we discuss these results, explaining the limitations
of our approach and highlighting opportunities for future research and implications for the design
of online health communities.

Proc. ACM Hum.-Comput. Interact., Vol. 1, No. 2, Article 73. Publication date: November 2017.



Write for Life: Expressive Writing in Online Health Communities 73:3

2 RELATEDWORK
2.1 Online Health Communities and User Engagement
Because many people are not comfortable discussing health conditions on general-purpose social
networking sites, niche online health communities often become an irreplaceable asset [61] for
patients with cancer [58], substance use disorders [78], mood disorders [46], bad habits [82],
and dementia [30]. However, several challenges also face online health communities, including
protecting members’ privacy [74], maintaining balance between people who seek and give support
[73], and mediating divergent viewpoints and models [51].
Retaining participation is another challenge that has been extensively studied in contexts like

Wikipedia [100], Yahoo! Answers [22, 96], MovieLens [39], and online gaming [7, 40]. Only a few
studies have explored user engagement in online health communities [55, 91, 95]; these communities
were primarily oriented towards users seeking information from people (usually strangers) who
faced similar diagnoses. As we describe in the “Research Design" section, CaringBridge is oriented
towards the existing social networks of patients rather than strangers, which provides an interesting
complement to the few studies that do exist in this area. Importantly, because the design of
CaringBridge emphasizes storytelling about health journeys over information-seeking, it also
affords an ideal opportunity to introduce a new variable for consideration by the CSCW community
when examining user engagement, i.e. expressive writing. In order to contextualize this work in
the literature, we also test two factors previously shown to influence engagement, i.e. receiving
and giving social support. The next section describes related work on these three factors.

2.2 Expressive Writing vs. Social Support
In the past three decades, many studies have found that writing about emotional personal events
improves physical, mental, and social health [3, 48, 59, 63, 99]. The seminal experimental paradigm
was to ask participants to write about emotional experiences for 15-20 minutes on 3-5 occasions,
which resulted in better health outcomes than writing on neutral or superficial topics [68]. For
example, the number of physician visits decreased [15], and immune function and long-term
mood improved [32, 71]; these benefits were recently replicated in online settings [20]. Based on
early findings, researchers developed a variety of expressive writing interventions, and systematic
reviews suggest that most interventions have been beneficial to health [59, 63, 99]. Upon attempts
to define boundary conditions, some results suggest that expressive writing is broadly beneficial
for many different topics and across different ages, genders, education levels, languages, ethnicities,
and cultures [21, 67, 68, 70, 76, 84].

While facilitated interventions may benefit participants, traveling to clinics or labs is not always
feasible and may create additional burdens for patients [36]. Therefore, it is valuable to explore
the unfacilitated expressive writing that occurs in online communities, which are far more easily
accessible. In this paper, however, we do not examine any health benefits, per se; given prior
literature, we assume expressive writing to be therapeutic. Rather, to identify implications for the
design of platforms that offer writing as a prominent functionality, we investigate how expressive
writing affects user engagement.

It is important to note that although many other works have investigated the social support
exchanged online [6, 19, 23, 80, 90, 91], the expressive writing component remains understudied (see
[2, 34] for exception). In general, previous findings show that receiving social support contributes to
better health outcomes [4, 35], and longer participation in communities [13, 90, 91, 95]. Altruistically
giving support to others by sharing advice, knowledge, and experience has also been found to be
beneficial to health [8, 43, 77, 81, 97], though it has been understudied as a factor affecting user
engagement. In the section 3.3 titled “Theoretical Foundations for Operationalization", we provide
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detailed explanations for how we operationalize expressive writing, receiving and giving social
support, and user engagement. Our statistical analysis aims to understand how these variables
are associated with continued participation, relative to each other and to prior results. However,
because many patients face life-threatening diagnoses, it is possible that the literal death of patients
may be a confounding latent variable in any statistical analyses of these platforms; the next section
provides a summary of work related to user death.

2.3 Death and Survival Bias in HCI
Deceased community members do not receive special attention in most communities because it is
either time-consuming or difficult to detect this occurrence, and because it may not be of particular
relevance to every community. However, in online health communities, especially those focused on
life-threatening conditions, many patients literally do not survive. If models do not incorporate this
fact, results are likely to be skewed by survival bias. For instance, Yang et al. recently analyzed an
online cancer community and determined that death does not explain dropout because they found
“similar results" when running their analysis separately on cancer types with different five-year
survival rates [95]. Although results may be “similar", they may nonetheless be significantly affected
by death. Therefore it is interesting and also necessary to mitigate survival bias and ensure valid
quantitative results.

Prior work has studied how people use technology to respond to the loss of a loved one [9, 10],
and how technology could be better designed to support bereavement [54, 57]. These qualitative
studies suggest the possibility of detecting death based on death-related writing (i.e. mourning and
bereavement) on the pages of deceased community members. Building on this work, this paper
differentiates relinquished sites from deceased sites by extracting textual features from journals
written by surviving community members.

3 RESEARCH DESIGN
3.1 CaringBridge Description and Research Definitions
Established in 1997, CaringBridge (CB) is a 501(c)(3) non-profit organization with the objective
of using “compassionate technology" to enhance social connectedness. Specifically, CB brings
people together in an online social network to help overcome the isolation often experienced with
a medical journey. In the calendar year 2016, CB served over 215K people daily and over 27 million
people total in over 230 countries and territories around the world.

3.1.1 Platform Description. The primary functionality of CB is similar to a blog. Users create
dedicated online spaces for sharing, following, and supporting the health journeys of patients.
Though this social network may be used for any health journey, the majority face serious, life-
threatening illnesses. In order to disambiguate terms used in this paper and maintain the vernacular
used by CB, we here provide formal definitions:

• Patients: Patients diagnosed with any illness who may or may not be CB users. (Users who
are not patients may maintain CB sites on behalf of patients.)

• Caregivers: Social connections (e.g. spouses, parents, children, or close friends) who assume
primary responsibility for meeting patient needs. Note: Although not technically disallowed,
this does not typically include professional health care providers.

• Site: A public or private personal website dedicated to sharing a specific patient’s health
journey. Each site’s home page has an (optional) patient photo, banner photo, and brief
overview of their story, plus a variety of features we define below. Note: CB has additional
features we do not define because they are unrelated to our research questions.

Proc. ACM Hum.-Comput. Interact., Vol. 1, No. 2, Article 73. Publication date: November 2017.



Write for Life: Expressive Writing in Online Health Communities 73:5

• Journal: Each site has one journal, which is CB’s most prominent feature. Similar to a blog,
a journal is a collection of multiple health “updates" by or about a patient. It is designed like
a timeline, with the most recent update on top.

• Updates: Similar to blog posts, updates are comprised of text, and may additionally or only
contain photos or links.

• Well Wishes: Each site has one Well Wishes area, which is a section at the bottom of the
site’s home page where visitors can leave messages that are not associated with any particular
journal update.

• Messages: Messages left by visitors either in the Well Wishes area, or as journal comments
on individual updates.

• Authors: CB users who post updates to a journal. Sites can have one or more contributing
authors.

• Visitors: CB users who visit sites, but are not authors. Visitors are automatically subscribed
to receive notifications when new updates are posted to a journal, and can opt out if they
choose. Visitors cannot post updates, but they can leave messages.

In contrast to online health communities where users seek support from strangers, CB users
generally have social ties to the patient, though not necessarily to each other. All users have the
option to complete minimal profiles (with a photo and short description), but the design of CB
emphasizes sites rather than user profiles. Both offline and online relationships between users,
while common, are not formally specified on the platform. Figure 1 demonstrates how a site and
journal update appear on CB.

Importantly, CB site ownership is not limited to one user. Patients may maintain sites themselves,
or caregivers can maintain sites without patient involvement, the latter being common when
patients are too young or ill to be authors. Frequently, patients and caregivers co-author sites, each
posting updates to the journal at various points along the journey. We discuss implications of this
situation in our discussion, however it is important to keep this group-authorship situation in
mind while reading our paper. We do not explore exclusively single-authored site survival; rather,
we explore single- and group-authored site survival together, hoping to find ways to support
engagement for both patient- and caregiver-authors.

3.2 Ethics and Relationship with CaringBridge
This work proceeds from a research collaboration between CB and an interdisciplinary team from
Center for Spirituality and Healing, College of Computer Science and Engineering, and School
of Nursing at University of Minnesota. In accordance with CB’s Privacy Policy & Terms of Use
Agreement, the dataset includes de-identified information about 588,210 sites and 22,333,379 users
between June 1, 2005 and June 3, 2016. Conducted with permission of the CB leadership, this
study was reviewed and deemed exempt from further IRB review by the University of Minnesota
Institutional Review Board. All text mining searches and computations performed in this study took
place on the Minnesota Supercomputing Institute’s (MSI) high performance computing clusters,
which provided a secure location for the data and analysis.

As a collaborative endeavor, we find it important to introduce data use constraints to protect
the privacy of individuals who use CB. CSCW and related fields have recently hosted a number
of conversations to decide appropriate practices and norms around data use and dissemination.
On one hand, it is critical to protect the rights of participants (above and beyond IRB review) [12]
and no de-identification technique is without fail [60]. On the other hand, open data dissemination
supports better science and forms of replication that could strengthen the field as a whole [37]. We
respect both sides of this conversation. Given the sensitive nature of this data, it is not possible
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Fig. 1. An example site’s homepage and journal. The update depicted in this journal is modified from real
user data, in order to provide a representative text sample.

for us to publicly release the dataset used for analysis in this paper. However, we invite questions
about the project and dataset by contacting CB directly or the investigators who conducted this
study. We find this to be a reasonable compromise between the priorities of ethical protection and
of replicable science.

3.3 Theoretical Foundations for Operationalization
3.3.1 Expressive Writing: Introduction. There is no universally acknowledged definition of ex-

pressive writing. In a seminal 1986 study, James W. Pennebaker instructed participants to write
their deepest thoughts and feelings about a past trauma [68]. Since then, this paradigm has been
repeatedly revised in attempts to understand how it works. Although exact mechanisms remain
uncertain to this day, expressive writing is nonetheless effective when participants write about a
broad range of topics, including disclosed or undisclosed traumas [31], imaginary traumas [32],
positive aspects of traumatic experiences [86], illnesses [17], experiences of going to college [42],
job loss [84], intensely positive experiences [14], and future goals [41, 52]. On one hand, this
diversity suggests generalizable utility for expressive writing across many contexts. On the other,
it makes expressive writing quite complex to precisely define and identify.
Previous studies of facilitated expressive writing provide slightly varying instructions, yet all

share two implicit assumptions: (1) participants will follow the instructions, and (2) writing that
results from following the instructions will be “expressive". In the current study of unfacilitated
expressive writing, we cannot make any assumptions about the conditions under which the writ-
ing was completed. However, in order to clarify the core concept, we here provide a definition
adapted from these facilitated writing experiments for the context of CSCW research.We define
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online “expressive writing" to be writing completed using functionalities afforded by on-
line communities to disclose users’ thoughts and feelings about personal experiences. In
online health communities in particular, expressive writing is completed by patient- or caregiver-
authors who share experiences about personal health-related issues. By this definition, every
journal update on CB could potentially be written expressively. That is to say, we do not assign
a score of “expressiveness" to each update, or identify one update as “expressive" and another as
“non-expressive". Instead, we extract features from updates that cumulatively represent prominent
aspects of expressive writing, namely emotional expression, cognitive adaptation, and dose of
writing, all three of which have emerged as important qualities in prior research. The following
sections describe each of these aspects in more detail.

3.3.2 Expressive Writing: Emotional Expression. Emotional expression involves confronting
stressor-related feelings [47]. This type of expression helps people cope with illness or trauma
possibly because it allows individuals to examine, understand, and regulate entrenched emotions
and suffering [79, 85]. Despite variation in instructions, all previous studies emphasized writing
about one’s deepest emotions in the experimental condition, and writing unemotionally or factually
in the control condition [27, 28, 83]. Thus, many researchers use “emotional writing" or “emotional
disclosure" interchangeably with expressive writing [24, 33, 75].
One experimental study found that writing either one’s “deepest thoughts and feelings" or

“only positive thoughts and feelings" about their cancer experience had beneficial effects, whereas
writing only about the facts of cancer and treatment did not [86]. In several quantitative studies,
researchers analyzed participants’ essays using the Linguistic Inquiry and Word Count (LIWC)
tool to measure emotional expression by calculating percentages of positive vs. negative emotion
words, with mixed results about whether affective word use is associated with health outcomes
[38, 45, 49, 59, 63, 72, 99]. Since CB provides a unique place to communicate emotions that are hard
to present on other social media [61], and because of the LIWC precedent in prior work, we also
use LIWC to capture emotional expression in updates written during the first month.

3.3.3 Expressive Writing: Cognitive Adaptation. Cognitive adaptation, or cognitive appraisal, is
the process of discovering meaning through construction of narrative [18, 48]. It may be helpful in
coping with illness or trauma because it allows people to interpret and make sense of the event
and reconcile existing self- and world-views [16, 18, 48].

In one experimental study, researchers found that writers focusing on cognitions and emotions
related to a trauma or stressor developed greater awareness of the positive benefits of the event than
those focusing on emotions or facts alone [89], providing evidence for the importance of cognitive
adaptation. Other evidence comes from content analysis. Interestingly, direct measures of LIWC
cognitive words (i.e. insight and causal reasoning words), or of manually coded cognitive processing
sentences, did not significantly influence health outcomes [18, 49]. However, an increase over time
in the use of insight and causal words, as calculated by LIWC, is associated with better health
outcomes [44, 72, 88]. Adopting this methodology, we use LIWC to calculate the increase of
cognitive word usage between the first and second half of writing during the first month.

3.3.4 Expressive Writing: Dose. The “dose" or volume of expressive writing completed may also
significantly influence outcomes. Some meta-analyses show that the number of disclosure sessions
(fewer than three vs. at least three sessions) and length of disclosure (less than 15 vs. at least 15
min) were related to the overall effect size [27, 83]. In our current research, participants do not
attend disclosure sessions; instead, CB authors freely choose when and how much to write “in the
wild". Therefore, as a proxy for the number of writing sessions, wemeasure the frequency
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of writing updates in the first month. Similarly, we measure the length (word count) of
updates as a proxy for the length of expressive writing sessions.

3.3.5 Social Support. People join online health communities to seek and offer social support
[23, 77]. Previous well-known findings show that receiving social support contributes to better
health outcomes [4, 35], and longer participation in the community [13, 90, 91, 95]. In those studies,
researchers used the number of messages received as a proxy for the amount of support received. In
our study, we calculate the amount of support received as two variables, the number of
messages received per visitor, and the number of visitors. (Multiplying those two quantities
is equivalent to the number of total messages received.) We make this distinction because the
number of messages received per visitor shows the average intensity of supporting relationships
between visitors and authors, while the number of visitors demonstrates the size of the support
group.
Little work has directly examined how providing social support relates to user engagement,

although two studies have found it to be beneficial to well-being [8, 43]. We measure similar
variables for giving social support: the number of messages sent per site visited and the
number of sites visited by the authors of the focal site. The number of messages sent approx-
imates the average intensity of supporting relationships between authors and other sites. The
number of sites visited approximates how many other sites are supported by the authors.

3.3.6 User Engagement. User engagement is a complex term describing peoples’ experiences
with technologies and is not defined consistently in past work [62]. There are various ways of
measuring user engagement, including diversity of activities [39], number of activities [100],
interaction with other users [95], attachment [95, 98], continued participation [55, 91, 95], etc.
Similarly to prior work in online health communities, we use “continued participation",
i.e. the length of time users continue to participate in the community, to measure user
engagement [55, 91, 95].

Predicting entire duration of stay by behaviors during the first 30 days is a technique used in prior
studies, e.g. [96]. This technique is also appropriate in our study of CB sites that self-select cancer as
health condition, because the number of updates posted in the first month covered about a quarter
of all updates and started to decline much more slowly after the first month. Utilizing this technique
for our study, variables measuring expressive writing and social support during the first month are
regarded as a “treatment" or as “early user experiences", which may differ from user to user and can
affect how long they ultimately remain in the community. An alternative interpretation might be
considering expressive writing and social support in the first month as “short-term engagement",
and time length of continued participation in the community as “long-term engagement". Our
study seeks to understand how different “short-term engagement" patterns possibly transform into
“long-term engagement" through association.

3.4 Development of Inclusion Criteria
Unlike some forum-based communities, CB does not focus on a single topic. Members have diverse
diagnoses ranging from chronic conditions like cancer to acute conditions such as childbirth. Upon
creating a site, CB allows (but does not require) authors to self-select a health condition. Within the
whole CB dataset, 35.5% of 588,210 sites specify health conditions. Of those self-specified conditions,
50.0% select a cancer condition. Thus, cancer constitutes the largest proportion of all self-identified
health conditions, and represents 17.8% of all CB sites, regardless of whether health condition is
specified or not. Because the literature indicates that the effects of expressive writing are long-term,
chronic conditions like cancer are of particular relevance to our research questions. Therefore, we
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(a) Distribution of updates per sites (b) Distribution of days between consecutive updates

Fig. 2. (a) There is a huge drop between the number of sites with two updates and those with three. (b) 98%
of updates are posted within 90 days since last update.

limit our focus to the approximately 104,500 sites that self-identify as cancer. Without additional
specifying, we refer to these as “cancer sites" throughout our paper.

A minimum number of updates is necessary to study the effects of expressive writing. Based on
three considerations, we include only cancer sites with at least three updates. First, writing only
one or two updates might not have enough power, as the writing paradigm used in prior literature
requires participants to write on at least three occasions. Second, as shown in Figure 2a, there is
a huge drop between the number of sites with two updates and those with three, suggesting a
possible difference between user groups before and after the three-update threshold. Third, as we
will describe in our Methods, we extract features from the final three updates to classify sites as
deceased or relinquished, and therefore require all sites in our dataset to have at least three updates.
Among 104,500 sites, 86,637 have at least three updates. Furthermore, we look at the effects of
expressive writing during the first month to predict long-term user engagement. Only 84,007 sites
have updates in the first month. We refer to these as “eligible cancer sites".
We define a site to have come to an end if it does not post a new update within 90 days of the

latest post in the data, using the timestamp of site creation to signal the start of participation, and of
the last update to signal the end of participation. Figure 2b shows the distribution of time intervals
between consecutive updates. 98% of updates are posted within 90 days since last update, which
indicates that a 90-day threshold is a reasonable choice. Some previous studies also define “leaving
the group" as failing to post within 90 days of the last post [91, 98, 100]. Regarding the remaining
2% of updates which were not posted within 90 days, we noticed an interesting pattern that some
updates are written years apart from each other. That is, some authors return to CB sites to write
updates that memorialize a deceased friend or family member, or that revisit past events such as
completion of treatment for a serious illness. A limitation of this study is that those sites which
will post again, but have not yet posted within 90 days of the end of data collection are considered
ended.

4 METHODS
To address our research questions, we utilize techniques from machine learning and statistics.
First, we build a “death classifier" to distinguish between relinquished and deceased sites. This
methodology is necessary because it provides a means of automatically differentiating sites into
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two conditions, which are then treated accordingly in our second method. Incorporating predic-
tions from our classifier, we next apply Cox survival analysis to predict user engagement with
explanatory variables derived from components of expressive writing and social support. Finally,
we perform a validity check by re-running the Cox survival model without differentiating between
the relinquished and death conditions. The following sections provide in-depth explanations of
these methods.

4.1 Automatic Classification of Deceased Sites
Because of our decision to analyze cancer sites and because cancer can be a terminal condition, it is
reasonable to believe that some patients’ sites will end because of their literal deaths; yet we do not
know of prior work that provides a means of detecting deceased vs. relinquished sites. Therefore,
using techniques from machine learning, we build a “death classifier" to label sites as deceased (’1’)
or relinquished (’0’). Here, we describe our annotation and feature selection processes. We report
our final model selection in Results.

4.1.1 Annotation of Training Data. To begin annotation, three investigators read 48 of the final
three updates of randomly selected CB sites marked as ended, including cancer and non-cancer
sites. We read the last three rather than the final update alone because death announcements are
not always present in the very last update. Due to the quantitative nature of this paper, we will not
elaborate on the qualitative contents of these updates; in our discussion, we present some insights
about site endings to inform future work. In order to contextualize our feature selection process,
however, we feel it necessary to provide high level observations that we noted and discussed while
annotating.
Previous qualitative studies have shown that death-related mourning and bereavement on a

user’s page can signal literal death [9–11, 53, 54, 56, 57]. Our study strongly confirms this finding. In
CB updates about death, caregiver-authors write obituary or funeral announcements, bereavement
messages, and highly emotional passages about grief, all of which provide clear linguistic evidence
that the site’s patient has passed away. Thus, our assumption that some users pass away is valid,
but how many sites end due to the death of a person?

We arbitrarily denote updates in which we find evidence that the patient has died as ’1’ (indicating
a deceased site), and those with no such evidence as ’0’ (indicating a relinquished site). All three
coders began by independently annotating the same 48 updates as ’1’ or ’0’. We initially achieved
consensus for 46 of 48 updates, with a Fleiss’ Kappa inter-rater reliability score of 0.939, i.e. near
perfect agreement. We resolved the only two cases of disagreement by developing the following
rule: Even if the text of a update indicates that a patient might die soon, the update should still be
marked ’0’. That is, we agreed to annotate conservatively, marking updates as ’1’ only in cases of
absolute certainty. After the initial 48, all remaining updates were independently annotated by one
coder each.
We consider a site to have ended in death if one (or more) of the final three updates to its

journal was marked ’1’. In total, we manually annotated 2070 unique updates, corresponding to
690 sites, approximately half of which were randomly selected from all CB sites with at least three
updates, the other half of which were randomly selected from those with at least three updates
and a self-identified cancer condition. (Note: We included non-cancer sites so that our model remains
generalizable for future analyses.) Of these 690 sites, 194 were marked ’1’. In our final training
set, we included all 194 sites marked ’1’ and randomly selected an additional 194 sites from the
remaining 496, for a total training set of 388 sites.
As we read these final updates, we continually recorded and discussed death-related words or

phrases that appeared in updates marked ’1’, along with any other textual characteristics that might
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be useful as features for a machine learning classifier. These discussions and records helped us to
identify and refine appropriate features.

4.1.2 Features: LIWC Death-Related Unigrams. The Linguistic Inquiry and Word Count (LIWC)
tool provides research-validated dictionaries containing sets of words related to linguistic categories
[69] and has already been applied for text analysis in online health communities with promising
results [1, 64, 65, 91]. In standard practice, LIWC is used to count words, assign them to categories,
and produce percentages of categories present in a given text.

LIWC offers a validated set of 29 words in a “death" category. Whereas some LIWC death-related
words like “funeral*", “died", and “grief" appeared regularly in ’1’ updates, we did not observe
others, such as “murder*", “suicid*", and “decay*" in the training data. Furthermore, we noticed that
usage of some LIWC death words was more often idiomatic than literal. For instance, “kill" and
“dead" are LIWC death words, but we observed usages like “let’s go kill some cancer cells" and “I
missed the dead line" which do not indicate the death of a person. Nevertheless, the presence of
many LIWC death words correctly corresponds with literal death. Therefore, adapting a technique
used by [87], we consider LIWC death-related words as unigrams and calculate the term frequency
for each, dividing the number of occurrences of each unigram by the total number of words in the
last three updates.

4.1.3 Features: Data-Derived Death-Related N-grams. We noticed that when writing about death
in CB updates, authors do not often use literal words like “terminated" or “deceased". Rather, they
frequently use gentler, euphemistic expressions like “passed away" or “completed her journey."
Many updates utilize religious language like “went to heaven" or “with our Lord." Others detail
pragmatic considerations, such as “in lieu of flowers" or “memorial service." Because LIWC’s death
category does not include these words and phrases, we compiled a second set of 26 non-LIWC
death-related n-grams (in units of one, two, three, four, or five words) that appeared in the training
data. Identically to LIWC death-words, we utilized a frequency variable for each data-derived
n-gram, dividing the number of occurrences of each N-gram by the total number of words in the
last three updates.

4.1.4 Features: Summary. Combining 29 LIWC and 26 non-LIWC death-related term frequencies
calculated from the last three updates, we extracted 55 features for each site. These features provide
linguistic evidence for whether or not the site’s patient passed away. A deceased site will have
higher values for these features, compared to a relinquished site. We extracted these 55 features
for all sites in our dataset, fed them into six different machine learning methods, and evaluated all
models through 10-fold cross validation on our 388-site training dataset. Finally, we also evaluated
their performance on a separate 202-site test dataset which had not been seen during annotation,
in order to ensure that the features selected from training data remained effective on unseen data.
We present evaluation metrics and our final model selection in Results.

4.2 Statistical Analysis of User Engagement
4.2.1 Survival Analysis: Overview. Survival analysis is a branch of statistics that focuses on

analyzing the expected duration(s) of time until one or more events happen. In our case, we use
information gathered from the beginning (i.e. first month) of a CB site in order to predict how
long it will be before the site ends. Site ending is therefore our “event of interest". We use the Cox
Proportional Hazards Model to examine the effects of different factors on length of CB participation.
This model is not dependent on any assumption of the distribution of survival times. All independent
variables are standardized with a mean of zero and standard deviation of one before being entered
into the survival regression model. Recall that CB sites can be authored by patients, caregivers, or
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some combination of both; our data does not afford us a means of differentiating sites based on
number of authors, so this analysis cumulatively describes sites that are single- or group-authored.
In the following sections, we define the terminologies and parameters of our model.

4.2.2 Survival Analysis: Hazard Ratio. In order to understand survival analysis, it is important to
understand the notion of “Hazard Ratio" (HR). In this method, different variables are used to predict
expected lengths of time. If a particular variable contributes to the “event of interest" occurring
sooner, then this variable has a higher (greater than one) HR. Conversely, if a variable contributes
to the event of interest occurring later, it has a lower (less than one) HR. In this context, a HR
greater than one indicates that a given variable contributes to a site ending sooner, whereas a HR
less than one contributes to a site enduring for a longer period of time. In addition, because all
explanatory variables have been standardized, HR should be interpreted as the predicted change in
the probability of dropout from the group for increasing one standard deviation of the corresponding
variable, when all other variables are at their mean levels. We define the baseline hazard to be the
probability of dropout when all variables are at their mean levels. We similarly define baseline
survival.

4.2.3 Survival Analysis: Right Censoring. Compared to standard regression techniques, survival
analysis offers the advantage of being able to “censor" certain types of sites. That is, censored sites
are understood within the model to have incomplete data. In particular “right censoring" indicates
that the true value of the data is likely to be higher, although there is no way to know by how
much. Right censoring is what enables us to statistically differentiate relinquished and
deceased sites. That is, in the present research, we right-censor sites for two reasons: 1) the site is
lost to follow-up because of the literal death of its primary subject, or 2) the site does not come to
an end before the end of data collection (i.e. the latest update was posted within 90 days of end of
data collection, and might therefore still be active). We now proceed to describe model parameters.

Mean Median Std
posemo 0.052 0.051 0.016
negemo 0.013 0.012 0.006
causalIncrease 0.000 0.000 0.008
insightIncrease -0.000 -0.000 0.011
length 207.1 168.8 155.6
frequency 0.416 0.333 0.337
visitors 83.6 51 128.3
msgPerVisitor 1.259 1.122 0.845
visits 18.7 1 921.5
msgPerVisit 1.725 1 3.978

(a) Descriptive statistics

Variable Pair Corr.
(posemo, negemo) -0.13
(posemo, length) -0.24
(negemo, length) 0.14
(causalIncrease, insightIncrease) 0.11
(length, visitors) 0.13
(frequency, visitors) 0.29
(frequency, msgPerVisitor) 0.44
(msgPerVisitor, msgPerVisit) 0.14

(b) Correlation

Table 1. (a) Descriptive statistics for variables included in the survival analysis model. Numbers are rounded
to tenths for length, visitors, and visits. Numbers are rounded to thousandths for all other variables. The
mean and median of causalIncrease are small positive numbers, rounded to 0.000. The mean and median of
insightIncrease are small negative numbers rounded to 0.000. (b) Correlation between variables larger than
0.1 or smaller than -0.1 calculated from covariance.

4.2.4 Survival Analysis: Variables. Because of the size of our dataset, it would be possible to
measure the effects of any number of arbitrarily selected variables and simply cherry-pick those that
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produced significant effects. However, in the section 3.3 “Theoretical Foundations for Operational-
ization", we provide detailed explanations about how our selection of variables is grounded in prior
literature. That is, we test and present only variables for which there could be theoretical
significance. For the sake of concision, we here provide a bulleted summary of the dependent and
independent variables computed for each site in our survival model:

Dependent variable

• Time-to-event: Duration of time between site creation and the latest update. The event of
leaving the community is observed if the site has been inactive for at least 90 days following
the last post, and was not classified as a deceased site.

Independent variables

• Expressive Writing: Emotional Expression
– Positive emotion:Average percentage of positive LIWC emotion words in updates written
during the first month after site creation.

– Negative emotion: Average percentage of negative LIWC emotion words in updates
written during the first month after site creation.

• Expressive Writing: Cognitive Adaptation
– Causal increase: Increase in percentage of causal LIWC words between the second and
first half of updates written during the first month after site creation.

– Insight increase: Increase in percentage of insight LIWC words between the second and
first half of updates written during the first month after site creation.

• Expressive Writing: Dose
– Length: Average number of words per update during the first month after site creation.
– Frequency: Average number of updates per day during the first month after site creation.

• Receiving Support
– Visitors: Number of visitors to a site during the first month after site creation.
– Messages per visitor: Average number of messages received from each visitor to a site
during the first month after site creation. If there are no visitors, set to 0.

• Giving Support
– Visits: Sum of the number of other sites visited by authors of the focal site during the first
month after site creation.

– Messages per visit: Average number of messages sent to other sites visited by authors of
the focal site during the first month after site creation. If there are no visited sites, set to 0.

Table 1a reports the descriptive statistics of these variables. The correlations between variables
are mostly between -0.1 and 0.1, with a few exceptions noted in Table 1b. Note that when an author
posts an update, all of the visitors to that site can receive a notification after logging in to CB
(unless they opted out). These notifications might explain the relatively high positive correlation
between frequency and both number of visitors and number of messages per visitor.

5 RESULTS
5.1 Building the Death Classifier
After experimenting with potential features, we found that n-gram frequencies yielded high
classification accuracy. Table 2 displays the top 10 n-grams from each category, listed in order of
their importance to our final model, Random Forest. Other non-LIWC terms that do not appear
in the top 10, including “viewing", “sorrow", “complete [their] journey", “get [their] angel wings",
“obituary", “would have been [XX] years", and “newest angel", actually have larger Gini Importance
than the top 10 LIWC word “mourn*". These non-LIWC features are indeed good complements to
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LIWC unigrams non-LIWC n-grams
Feature Gini Importance Feature Gini Importance
funeral* 0.142 passed away 0.116
died 0.056 [memorial] service 0.101
death* 0.05 celebrate [their] life 0.066
die 0.029 in heaven 0.061

griev* 0.029 with [god] 0.051
cemet** 0.015 lieu of flowers 0.044
grave* 0.010 honor of 0.019
kill* 0.009 visitation 0.018

mourn* 0.008 [went to] heaven 0.015
ashes 0.008 lost [their] battle 0.014

Table 2. Feature importance (calculated by Gini Importance, the sum over the number of splits (across all
trees) that include the feature, proportionally to the number of samples it splits) of top 10 n-grams from each
category. Asterisks (*) indicate word stems matched using regular expressions. Brackets([]) indicate multiple
possible matching words; words displayed in brackets are representative examples.

the LIWC features. The complete list of features, in addition to the code used to extract and use
them, is available upon request.
We built classification code using the scikit-learn Python module and selected a variety of

learning models to test, including a baseline model that always predicts the most frequent label, L2
regularized binomial logistic regression, L2 regularized linear support vector machine, naive Bayes,
decision tree, and random forest with 50 trees [66]. We built these six models using 55 features
extracted from each site’s journal (i.e. 29 LIWC and 26 non-LIWC n-gram frequencies per final
three updates). We tested them using 10-fold cross validation on a balanced training set of 388 sites
which were manually labeled during annotation. Table 3 presents the results of cross-validation.
Figure 3a presents the ROC curve.
Because our non-LIWC features were developed specifically from the 388-site training set,

evaluation results on the same data set might be biased. To test performance on unseen data, we
developed a separate test set by manually annotating an additional 202 randomly selected eligible
cancer sites. This test set is imbalanced with 70 sites labeled “1" and 132 labeled “0"; therefore, with
95% confidence, the true proportion of eligible deceased cancer sites should be between 27.7% and
41.7% (i.e. 34.7% (+/- 7%)). With all models trained on the entire 388-site training set, we test the
performance of each classifier on this separate test set. The results of test set evaluation are also
presented in Table 3. Figure 3b presents the ROC curve.

Excluding DummyClassifier, all other models achieved classification accuracies between 75%-94%
on our training data, and between 86%-93% on our test data. This result partially addresses our
second research question: automatic classification of relinquished vs. deceased sites based
on features extracted from the last three updates is indeed feasible, with high accuracy.
Yet how many sites end this way?

For our final model, we selected Random Forest because it has comparable performance to
LinearSVC and Naive Bayes on the test set. However, Random Forest offers two advantages: (1) it
is simpler to train than LinearSVC since it does not require parameter tuning, and (2) it provides a
direct and more interpretable measure of feature importance than Naive Bayes. By Random Forest
predictions, 36.9% of 84,007 eligible cancer sites are deceased sites. This estimate appears to be
resasonable since it lies within our 95% confidence interval. Additionally, according to the United
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cross validation separate test set
Classifier ACC PREC REC F1 AUC ACC PREC REC F1 AUC
DummyModel 0.50 0.50 1.00 0.67 0.49 0.65 0.00 0.00 0.00 0.50
LogisticReg 0.75 1.00 0.50 0.64 0.97 0.86 0.96 0.61 0.75 0.95
LinearSVC 0.85 1.00 0.71 0.82 0.97 0.93 0.95 0.84 0.89 0.95
NaiveBayes 0.90 0.94 0.85 0.89 0.87 0.92 0.85 0.91 0.88 0.94
DecisionTree 0.92 0.96 0.89 0.92 0.90 0.89 0.82 0.87 0.85 0.87
RandomForest 0.94 0.98 0.90 0.94 0.97 0.92 0.85 0.91 0.88 0.95

Table 3. Model Performance as evaluated by 10-fold cross validation on a balanced training set of 388 sites
and a separate test set of 202 sites. Models include: baseline (DummyModel) that always predicts most
frequent label, L2 regularized binomial logistic regression (LogisticReg), L2 regularized linear support vector
machine (linearSVC), naive Bayes (NaiveBayes), decision tree (DecisionTree), and random forest with 50 trees
(RandomForest). Column headers are average accuracy (ACC), precision (PREC), recall (REC), f1 score (F1),
and area under the ROC curve (AUC).

(a) 10-fold cross validation (b) separate test set

Fig. 3. ROC curves as evaluated by (a) 10-fold cross validation on a balanced training set of 388 sites and (b)
a separate test set of 202 sites.

States CDC National Program of Cancer Registries, the relative five-year survival of all cancer sites
from 2001-2012 (combining all cancers, ages, races, and genders, which aptly matches our dataset)
is 65.9%; thus, 34.1% of cancer patients do not survive five years from diagnosis [25]. The average
site duration in our dataset is 425 days (minimum, 0 days, and maximum, 3967 days or 11 years).
Although this CDC statistic is not directly comparable because the time spans differ, the proximity
of our estimate to this statistic suggests high validity.

5.2 Survival Analysis Results
We constructed a Cox Proportional Hazards survival model in order to explore the relationships
between user engagement and expressive writing and receiving and giving social support. In this
model, deceased sites are treated as right-censored data (see Table 4). For a validity check, we
fitted a second survival model with the same set of explanatory variables, but did not incorporate
classification results, such that deceased sites were treated equivalently to relinquished sites (see
Table 5). Effects are reported in terms of Hazard Ratio (HR). (See the section 4.2.2 “Survival Analysis:
Hazard Ratio" for a brief discussion of how to interpret HRs.) Note that although variables differ in
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Survival Model with Death Classification Results
Construct Indep. Var. HR p value [95% Conf. Int.]

EW: Emotional Expression posemo 0.998 0.715 [0.990, 1.007]
negemo 1.041*** <0.001 [1.032, 1.049]

EW: Cognitive Adaptation causalIncrease 1.003 0.574 [0.994, 1.012]
insightIncrease 0.977*** <0.001 [0.969, 0.986]

EW: Dose length 0.891*** <0.001 [0.882, 0.900]
frequency 0.845*** <0.001 [0.835, 0.855]

Receiving Support visitors 0.817*** <0.001 [0.805, 0.828]
msgPerVisitor 0.910*** <0.001 [0.900, 0.921]

Giving Support visits 0.992 0.070 [0.983, 1.001]
msgPerVisit 0.982*** <0.001 [0.973, 0.992]

Table 4. This table presents the survival model testing effects of expressive writing (EW), receiving support,
and giving support on continued participation with predictions of death classifiers incorporated. ***:p<0.001,
**:p<0.01, *:p<0.05.

Survival Model without Death Classification Results
Construct Indep. Var. HR p value [95% Conf. Int.]

EW: Emotional Expression posemo 1.020*** <0.001 [1.014, 1.026]
negemo 1.044*** <0.001 [1.038, 1.051]

EW: Cognitive Adaptation causalIncrease 0.983*** <0.001 [0.976, 0.990]
insightIncrease 0.991* 0.015 [0.984, 0.998]

EW: Dose length 0.887*** <0.001 [0.880, 0.894]
frequency 0.873*** <0.001 [0.865, 0.881]

Receiving Support visitors 0.884*** <0.001 [0.876, 0.893]
msgPerVisitor 0.924*** <0.001 [0.915, 0.932]

Giving Support visits 0.991** 0.009 [0.984, 0.998]
msgPerVisit 0.992* 0.019 [0.985, 0.999]

Table 5. This table presents the survival model testing effects of expressive writing (EW), receiving support, and
giving support on continued participation without incorporating predictions of death classifiers. ***:p<0.001,
**:p<0.01, *:p<0.05.

units, each row of Table 4 and Table 5 analyzes a change in one standard deviation of that unit.
The concordance of the model is 0.641 (with standard error 0.001), larger than 0.5. This implies the
model has a relatively good prediction ability. The overall log-rank score is statistically significant
(p < 0.001), suggesting the model is a significantly better model than null model.

5.2.1 Expressive Writing and User Engagement. Results in Table 4 show the relationship between
expressive writing and user engagement. Specifically, sites are more likely to survive when the
percentage of insight words increases more over time, updates are longer, and updates are more
frequently posted. Compared to baseline survival:

• Sites with an additional 1.1% increase in insight word usage are 2.3% more likely to survive.
• Sites with an additional 156 words per update are 10.9% more likely to survive.
• Sites with an additional 0.34 updates posted per day are 15.5% more likely to survive.
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In this dataset, it appears that the effects of emotion words are mixed. Specifically, using slightly
more negative emotion words decreases site engagement. Compared to baseline survival:

• Sites with an additional 0.6% negative emotion words are 3.9% less likely to survive.
However, positive emotion word usage and increasing usage of causal words are not associated with
site survival. In summary, emotional words are not positively associated with sustained engagement,
whereas increasing insight words, length, and frequency of updates are positively associated with
sustained engagement.

5.2.2 Social Support and User Engagement. Results in Table 4 show the relationship between
social support and user engagement. Specifically, the more visitors, the more messages received
per visitor, and the more messages sent to each site visited by authors, the more likely sites are to
survive. Compared to baseline survival:

• Sites with an additional 128 visitors are 18.3% more likely to survive.
• Sites with an additional 0.85 messages received from each visitor are 9.0% more likely to
survive.

• Sites with an additional 3.98 messages sent to each site visited by authors are 1.8% more
likely to survive.

However, visiting other sites is not associated with site survival.

5.2.3 Comparing Expressive Writing and Social Support. In order to address our first research
question, we can directly compare Hazard Ratios to determine the relative importance of explanatory
variables for expressive writing and social support, since all variables have been standardized.
Table 4 demonstrates that gettingmore visitors, posting updatesmore frequently, writing
longer per update, and getting more messages per visitor are the top four contributing
factors positively associated with sustained engagement. Though giving support (sending
moremessages to each site visited by the authors) is also positively associated with user engagement,
it has the least importance.

5.2.4 Statistical Effects of Literal Death. Comparing effect sizes when we incorporate death
predictions in our model (Table 4) versus whenwe do not (Table 5), using the same set of explanatory
variables helps to fully answer our second research question. That is, if we do not incorporate
literal death in our model, three of the top four influential factors positively associated with site
survival are underestimated:

• Adding 128 visitors to a site increases site survival by 18.1% if we incorporate death; this
value drops to 11.6% when we do not incorporate death.

• The benefit of adding 0.34 updates per day to site survival drops from 15.5% to 12.7%.
• The benefit of adding an additional 0.85 messages/visitor drops from 9.0% to 7.6%.

The Hazard Ratios of these three variables estimated by the model without death predictions
are beyond the 95% confidence interval of those estimated by the model with death predictions,
suggesting their statistical difference at the 5% significance level. Without incorporating death
predictions, though the beneficial nature of these variables to site survival do not change,
their magnitude is decreased. The Concordance of the model without death classification is
0.611 (standard error 0.001), which is lower than the corresponding Concordance of the model
with death classification, which is 0.641. The Akaike information criterion (AIC) computed for the
model without death classification (AIC = 1707655) is larger than that for the model with death
classification (AIC = 1070679). Both of these statistics provide evidence that the model incorporating
literal death is a better fit to the data.
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6 DISCUSSION
In this paper, we have shown that during the first month on CaringBridge (CB) cancer sites, early
behaviors affect the expected duration of stay within the online health community, echoing similar
phenomena in other online contexts, such as peer production. Our results indicate that receiving
support, expressive writing, and giving support early on correlate with longer survival. Here, we
reflect on these results, sharing implications for the design of online health communities. We also
reflect on our methodology of automatically differentiating deceased vs. relinquished sites, in order
to provide the CSCW community with insights to guide future research in this space. Finally, we
present limitations of this approach and opportunities for future work.

6.1 Reflecting on Results
Our most interesting and novel result is that some variables that capture components of expressive
writing have comparable (although smaller) effect sizes as receiving social support. This is, we
confirmed previous well-supported findings that receiving social support benefits user engagement
[13, 90, 91, 95]. We also showed that giving social support is weakly associated with longer survival.
However, for the first time, we compared the relative importance of these factors against those
of expressive writing in determining how long users will stay. We find it surprising that the dose
of expressive writing (measured by length and frequency of updates) is comparable to receiving
support (measured by number of visitors and number of messages received per visitor). It is possible
that writing longer and more frequently in the early stage may increase users’ initial commitment to
the community, contributing to longer participation overall. It is also possible that users come to CB
not only for support, but also because writing about health journeys may be intrinsically beneficial
to health, as suggested by [27, 83]. Thus, designers should consider balancing social interaction
activities with individual activities like expressive writing, which can have real health benefits for
users, in addition to supporting their continued engagement in online health communities.
Prior literature also suggests that cognitive adaption to stressful events is beneficial to health

[44, 72, 88]. Our results echo this finding in the context of user engagement, since we find that
cognitive adaptation is associated with longer survival. Cognitive adaptation (measured by increase
of insight word usage) reflects discovery of meaning as more constructive narratives are built,
possibly contributing motivation to continue writing. In online health communities that provide
space for expressive writing, designers should consider mechanisms that encourage users to engage
cognitive reflection processes, and to thoroughly express themselves with some frequency. This
could potentially help users construct more meaningful narratives and get more benefits out of the
online community.

Finally, prior studies that have examined affective word use (negative vs. positive emotions) have
had mixed results regarding benefits of emotional expression. Though a previous experimental
study found that writing emotional experiences about cancer (instead of facts) had beneficial
effects on health outcomes [86], we found that expressing negative emotions (measured by negative
emotion word usage) was associated with shorter survival in the community, while expressing
positive emotions (measured by positive emotion word usage) did not have significant effects. Prior
work reported participants’ short-term distress after writing about traumatic events [27, 28, 83]. In
these facilitated expressive writing studies, however, participants must continue writing sessions,
which eventually becomes beneficial. In unfacilitated expressive writing, there is no such external
force to keep users writing. Our results suggest that expressing too much negative emotion at
an early stage possibly correlates with decreased motivation to continue engagement. Therefore,
encouraging users not to reflect too much on negative emotions in the very beginning may help to
sustain newcomer participation.
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6.2 Reflecting on Methods
For the first time, we examined how deceased sites affect survival analysis in online health commu-
nities. We find that three of the four most influential variables are more weakly associated with site
survival if we do not incorporate death predictions in our analysis. Corresponding with five-year
cancer survival statistics, we predict that for approximately 36.9% of cancer sites, the focal patient
dies. Without differentiating these sites, they are treated as normal dropouts, thus biasing results
in online health community analyses. Studying death and bereavement is an interesting research
topic in and of itself. Yet in this paper, we demonstrate its prevalence in online health communities,
and show how it can affect other lines of analysis in this space. Thus, we contribute to the CSCW
community a fast way to automatically detect deceased sites based on simple textual features.

6.3 Limitations and Future Work
As with many large-scale log analyses, perhaps the primary limitation of this work is that our results
are correlational rather than causal. In the future, experimental studies with random assignment
of users to different writing conditions in online health communities could demonstrate a causal
relationship between expressive writing and user engagement. This could also provide insights
about potential differences between faciliated and unfacilitated expressive writing.
Cancer comprises the largest proportion among self-identified conditions on CB. However,

by looking only at cancer sites, we lose generalizability to all health conditions. Future work
could address this limitation by comparing the effects of expressive writing across different illness
domains. Additionally, it is possible that CB attracts a certain type of user who enjoys expressive
writing more than the online population at large, though the psychology literature indicates that
the benefits of expressive writing do not depend on one’s interest in writing, and improve health
outcomes across diverse backgrounds [21, 67, 76, 84].
On CB, sites may be authored by patients, their cargeivers, or some combination of these two

groups. For this study, data was not available on the number of authors per site, and we did not have
sufficient information per update to differentiate patient-authors from caregiver-authors. However,
it is possible that behavior may differ significantly between these two groups. Thus, our results
cumulatively show how individuals and/or small groups engage with their online community. We
are not aware of any prior work that differentiates patient-authors from caregiver-authors in the
analysis of user engagement. Future work could potentially address this issue through automatic
classification of update authorship, possibly by examining relative usage of first- and third-person
pronouns and other textual indicators. However, this group-authorship situation is itself interesting,
and may provide insight into other such contexts.
The CB dataset affords a wealth of opportunities for future HCI research in online health

communities. Building on the present work, we hope to look at the evolution of CB sites over time.
This line of research could help to identify critical moments when computer-mediated interventions
might help patients get the online support they need. Though not discussed in this paper, our
reading of the data also revealed nuanced accounts of life and death; in-depth qualitative work
could illuminate our understanding of why and how patients use their sites nearing end of life,
and how their communities respond to death. For instance, we noticed that some sites simply
end with a funeral announcement, whereas others endure, with some authors returning years
later to write memorials about important medical events or deceased patients. Interestingly, some
authors specifically write that they will take a CB site down because it is no longer needed, or
has fulfilled its purpose. Future investigations can reveal how people turn to technology for help
during challenging emotional events, and when their needs are perceived as being fully met.
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7 CONCLUSION
This paper offers two major contributions to the CSCW community. First, we contribute a machine
learning model for detecting literal death in online health communities. The resultant automatic
predictions provide us with the ability to refine our quantitative analyses and draw more valid
conclusions about user behavior. Second, we conduct a large-scale survival analysis, finding that
the activity of expressive writing is associated with user engagement in online health communities.
Furthermore, we show that receiving support, expressive writing, and giving support have a positive
relationship with user engagement, in decreasing relative importance. These contributions provide
CSCW with implications for the design of online health communities, as well as implications for
future research in this domain.
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