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Although expressive writing has proved to be beneficial on physical, mental, and social health of individuals,
it has been restrained to lab-based experimental studies. In the real world, individuals may naturally engage
with expressive writing when dealing with difficult times, especially when facing a tough health journey.
Health blogging may serve as an easy-to-access method for self-therapy, if spontaneous expressive writing
occurs. However, many posts may not be expressive enough to provide the therapeutic power. In this study, we
build a Gaussian naive Bayes model to detect expressive writing in an online health community, CaringBridge.
Because we lack full text data as training data, we use a method to learn model parameters from meta-analysis
of the literature. The classifier reaches reasonable accuracy on the test set annotated by the authors. We also
explore factors that may influence users’ spontaneous expressive writing. We find gender, health condition,
author type, and privacy settings can affect individuals’ spontaneous expressive writing. Finally, we reflect on
our methodology and results and provide design implications for online health communities.
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1 INTRODUCTION
Expressive writing, which is writing about very deepest thoughts and feelings about a traumatic
event, has been consistently proved to benefit writers’ psychological well-being, physical health,
and social behaviors [30, 70, 89]. The majority of participants in these studies reported that the
writing experience was helpful and meaningful [68]. The standard expressive writing requires
guidance by trained experts and has been mostly studied in the controlled lab environment [30].
This method ensures participants’ compliance with expressive writing and has high internal validity.
However, it suffers from poor external validity. Getting instructions from a writing therapist is not
always possible in the real world. It’s better that expressive writing and its therapeutic effects take
place naturally in the self-administered writing.
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With the development of Internet technologies, individuals can now post struggles along their
health journeys on blogs, personal websites, or online health communities. Writing about health
journeys will inevitably disclose individuals’ deepest thoughts and feelings, so it is possible that
expressive writing occurs spontaneously in this process [90]. Indeed, several studies showed that
health blogging had some similar therapeutic effects as the standard expressive writing [43, 76].
Health blogging is also perceived by writers as helpful and meaningful, like the standard expressive
writing [14, 94]. In this study, we refer to the natural occurrence of expressive writing in user-
generated content like blogs as spontaneous expressive writing to differentiate it from the standard
experimental method.
Nonetheless, self-disclosure (revealing information about oneself to others [25]) via blogs or

other forms may not always be expressive enough to provide the health benefits [104]. For example,
a post may only disclose factual details or about neutral topics (e.g. personal schedules or plans)
without touching thoughts and feelings deep inside. People may be faced with self-presentational
and privacy concerns that prevent them from disclosing deeper thoughts and feelings [5, 19, 99].
An automated analysis tool that predicts if a post is qualified as expressive writing will help
individuals self-track their writing process to gain the most benefits from it. It can not only assist
with individuals’ self-therapy through writing, but also provide support for researchers to detect
expressive writing from large amount of writings and study it outside labs. Unfortunately, we
do not find any prior work that studied the prediction of expressive writing. Therefore, our first
research question is:

RQ1: How can we detect spontaneous expressive writing in user-generated content in the wild?
In the standard experimental protocol, participants’ compliance with expressive writing is moni-

tored by researchers. However, whether individuals will write expressively is probably influenced
by many factors in the real world, such as individual characteristics and social contexts. For example,
people who are suffering may engage more with expressive writing than people who are satisfied
with life, because the former group is in need of a way to vent out their feelings. Previous studies
showed people who were stressed or sick indeed benefited more from expressive writing than
people who were cheerful and healthy [30]. Studying potential factors that causes different writing
behaviors (writing expressively vs. non-expressively) can help us understand how to encourage
and facilitate expressive writing. To the best of our knowledge, there is no research looking into
this aspect and thus, we propose our second research question:

RQ2: What factors influence individuals’ engagement with spontaneous expressive writing?
The sensitive nature of expressive writing and the need to protect participant privacy prevent

therapists and scientists from freely sharing the original essay datasets. We only have access to
summaries of text data in aggregated forms in the publications (means and standard deviations
of linguistic features measured for different writing conditions). Consequently, we cannot use
the typical machine learning methods that construct models on individual data points. In order
to address the first research question, we have to analyze the published aggregated data to train
models. We first conducted a meta-analysis of empirical work that reported summaries of text data.
It provides us with one of the best possible approximations of a ground truth for expressive writing
(real linguistic features that characterize expressive writing), because it is based on summaries of
linguistic features from studies that enforce rigorous procedures for expressive and non-expressive
conditions, respectively. Given the available data and the specific characteristics of prior work
on expressive writing, we chose Gaussian naive Bayes over other models. By assuming normal
distribution and feature independence, Gaussian naive Bayes avoids computation of distribution
and covariance that require individual data points [40]. For each feature, a normal distribution can
be directly specified by its mean and standard deviation derived from meta-analysis.
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The lack of full text datasets also poses a challenge for model evaluation. Unlike essays that are
clearly separated into expressive vs. non-expressive conditions by the experimental manipulation,
blog posts generated in the natural environment are more likely to be on a spectrum of expressive-
ness. There is no guidance on how to manually annotate expressive writing from less clear-cut
essays in the literature. Therefore, we developed our own coding scheme from scratch and coded
updates from a nonprofit online health community, CaringBridge, as test sets. In order to address
the second research question, we applied the predictive model to all updates in CaringBridge and
used a logistic regression model to study the relationship between different potential factors and
individuals’ engagement with spontaneous expressive writing.
In Section 2, we provide an overview of related works, which inspire our choices of features

for classification model and factors that may influence individuals’ engagement with spontaneous
expressive writing. We go on to describe our research platform and methodology and explain the
decisions we made in the process in Section 3. We then present results of classifier and regression
in Section 4. Finally, we discuss these results and explain the limitations of our study in Section 5.

2 RELATEDWORK
2.1 Expressive Writing
In the standard expressive writing protocol, participants are asked to write about their very deepest
thoughts and feelings about traumatic experiences for 15-20 minutes on three to five laboratory
sessions with no feedback given [68]. Since the first study conducted by Pennebaker [69], a number
of subsequent studies have replicated this experimental procedure and found a broader range of
beneficial effects of expressive writing on psychological well-being, physical health, and social
behaviors [30, 70, 89]. The majority of participants in these studies reported that the writing
experience was valuable and meaningful [68]. The beneficial effects of expressive writing were
observed across different age groups[47, 97], genders [58], education levels [78, 91], ethnicity,
languages, and cultures [26, 44, 56]. Patients of various health conditions and caregivers were also
found to benefit from expressive writing [31, 61, 79].

The standard instructions were later modified to explore the boundary conditions of expressive
writing and investigate the psychological mechanisms underlying it. Several studies showed that
health benefits could still be found when participants were asked to focus on positive aspects
of adverse experiences (benefit finding) [20], write in a narrative fashion about stressful events
(narrative writing) [21], write gratitude letters [96], or even write about imaginary traumas [35].
These findings suggest that therapeutic effects will probably not be erased, as long as the alterations
of standard protocols do not interrupt the evoking of emotional and cognitive processes during the
writing [30, 51, 55, 57]. Indeed, emotional expression and cognitive restructuring are believed to
be the key factors that contribute to the beneficial effects [30, 51, 57]. This belief is supported by
the evidence that expressive writing increased working memory capacity and reduced intrusive
and avoidant thinking (cognitive restructuring) and that expressive writing caused physiological
activation and emotional arousal, which attenuated after multiple writing sessions (disinhibition
and habituation of emotions) [46, 87].
Some studies also investigated home-based or Internet-based expressive writing. Participants

were asked to conduct expressive writing at home or online with experimental instructions given
in written and videotaped format [10, 81], or via web applications [17, 49]. Beneficial effects were
still found in these expressive writing studies outside laboratory. Although these studies moved
one step further from labs to the natural environment, they suffered from the poor external validity
and required administration by researchers or therapists. In real-world settings, it is not always
feasible or affordable to get supervision from therapists, which may create additional burdens on
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individuals. Therefore, it is valuable to explore non-experimental, spontaneous expressive writing,
where individuals conduct expressive writing out of their own wills (not enforced by researchers)
and in a natural way (not in the structured manner). Spontaneous expressive writing can be lower
in cost, easier to access, and more enjoyable [86].
With the development in blogging technologies and online health communities, individuals

can now disclose their thoughts and feelings about stressful experiences, especially their health
journeys, in blog posts. A number of studies evidenced that health blogging had therapeutic power
on mental health [14, 77, 94] and social health [43, 76]. Bloggers also reported that they found
blogging activity to be helpful and engaging [14, 94]. Although the natural occurrence of expressive
writing in health blogging provides great benefits, without enforcement of expressive writing
instructions, many blog posts may only write about facts instead of personal thoughts and feelings.
As a result, these writings fail to provide the therapeutic power [104]. To help individuals self-track
their writing process and learn to write expressively on their own, we need an automated tool
to tell whether an update is qualified as expressive writing. This tool also makes it possible for
researchers to isolate spontaneous expressive writing from large amount of user-generated data and
study expressive writing in the natural environment. To build such tool, we review the literature
on language features that characterize expressive writing in Section 2.3.

2.2 Self-Disclosure
Self-disclosure refers to the process “by which one person verbally reveals information about
himself or herself to another” [25]. People may have different motives for self-disclosure, which
influence what and how much they decide to disclose [106]. For example, individuals will share
positive personal experiences (positive self-disclosure) to maintain a positive self-image and impress
others [32, 98]. They may also share negative personal experiences (negative self-disclosure) to
solicit social support and help [106]. Self-disclosure has been investigated in a variety of health
support groups on Reddit [27], Twitter [45], Cancer Survivor Network [106], Facebook, and Yahoo
[2]. Several studies tried to build classifiers to detect positive and negative self-disclosure in online
health support groups using a set of linguistic features [105, 106].
As one type of self-disclosure, expressive writing is special and interesting for several reasons.

First, expressive writing is proved to have health benefits, while self-disclosure generally does not
have therapeutic power itself. Second, expressive writing is longer, more sensitive, and includes
more thoughts and feelings than self-disclosure in general (recall that participants are asked to
write about deepest thoughts and feelings about traumatic experiences for 15-20 minutes). Third,
expressive writing is less explored than self-disclosure in online health communities. Previous
studies predicted self-disclosure on conversation-like posts and messages in forum threads or
private channels using validated training data [106]. However, there is no research on the detection
of expressive writing due to the lack of validated training data and the difficulty of labeling it.
In this paper, we explore the possibility of using summaries of text data from empirical work as
training data and predict expressive writing on diary-like CaringBridge updates.

2.3 Linguistic Markers of Psychological Processes
Linguistic markers has been used to quantify and detect various psychological processes. Re-
searchers have designed algorithms using language features of posts on social media to predict
whether an individual is suffering from depression [22], eating disorder [101], psychotic disorder
[7], stress [16, 83], depression [102], and anxiety [85]. In addition, language use on social media
can be used to infer mental health[13], personality [33], and mindfulness [15]. One text analysis
approach that is commonly used in these studies is the Linguistic Inquiry and Word Count
(LIWC) software, developed by Pennebaker and his colleagues as part of their work examining
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essays written in the expressive writing condition [72, 74]. Its lexicon includes a variety of linguistic
categories which consist of words related to different psychometrics. The percentages of words
from these different categories used in an essay can be computed.
The prior literature found that subjects in the expressive writing condition rated their essays

as significantly more emotional, personal, and meaningful than controls [71]. Because expressive
writing translates individuals’ stressful experiences into words, researchers computed the percent-
age of emotion words (positive and negative emotion words in LIWC) and cognitive words (causal
and insight words in LIWC) as linguistic clues to capture the emotional and cognitive processing
behind writing [42]. It has been consistently found that use of emotion words and cognitive words
are significantly higher in essays written in the expressive writing condition than those in essays
written in the control condition [65, 80, 92]. In other words, expressive writing is characterized by
higher percentage of emotion words and cognitive words compared to non-expressive writing. The
difference in these LIWC scales is thus used by many experimental studies of expressive writing as
manipulation check [64, 88].

As mentioned in Section 2.1, the key factors that lead to the therapeutic effects of expressive writ-
ing are believed to be cognitive restructuring and emotional expression [3]. If these psychological
processes can be captured by LIWC features, researchers should be able to find a direct association
between the word use computed by LIWC and improvements in health outcomes. Several studies
investigated this possibility and found that higher use of positive emotion words (happy, laugh),
negative emotion words (sad, angry), causal words (because, reason), and insight words (understand,
realize) in essays were indeed associated with better health outcomes [12, 52, 53, 73, 77].

These evidence suggest that language features can capture the underlying emotional and cognitive
processes in the writings and may be used to differentiate expressive writing from non-expressive
writing. However, to the best of our knowledge, there is no work that use textual features to
automatically classify expressive writing. In this study, we follow the traditional approach of using
LIWC to obtain the percentage of emotion words and cognitive words and use these features to
build a classifier that classifies whether a writing is expressive or not.

2.4 Explanatory Variables of Expressive Writing
We are also interested in what factors influence individuals’ engagement with expressive writing,
because it can help us understand how to encourage and facilitate expressive writing. There is
no direct research on possible explanatory variables of expressive writing, so we reviewed the
literature that studied predictors of self-disclosure or moderators of effects of expressive writing.
Gender. Prior work found that women disclosed more than men regardless of whether self-

disclosure was measured by self-report or observation [24]. In online settings, females were also
found to disclose lonelinessmore thanmales [45]. Psychologists showed that social norms influenced
the different tendencies to disclose in men and women. A woman would be seen as better adjusted
when she disclosed and a man would be seen as better adjusted when he did not [23]. Expressive
writing is one type of self-disclosure. Therefore, we hypothesize: H2a. Female writers are more
likely to engage with expressive writing than male writers.

Health Condition. Previous studies suggested that participants were more willing to disclose when
they faced more severe problems [37], or perceived greater necessity of disclosure [1]. It was also
found that participants who were stressed or sick received greater benefits from expressive writing
than those who were not [30]. Participants who wrote about a more severe trauma received greater
therapeutic effects than those who wrote about low-severity trauma [34, 66]. These evidences
imply that people who battle life-threatening, or terminal diagnoses like cancer have greater desires
to write and benefit more from it than people who face less-severe health conditions. Therefore,
we hypothesize: H2b. Writers who write about health journeys related to cancer are more
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likely to engage with expressive writing than writers who write about health journeys
related to other health conditions.

Patient vs. Caregiver. Because many patients are battling life-threatening, or terminal diagnoses
like cancer, their family caregivers may take the responsibility to write about health journeys
for them. Patients are likely to endure more pain than caregivers through health journeys and
thus, may have greater desires to vent out thoughts and feelings [30, 66]. Furthermore, caregivers
mostly write from third-person perspectives and may use more objective tones than patient writers.
Therefore, we hypothesize: H2c. Writers who are patients are more likely to engage with
expressive writing than writers who are family caregivers.
Privacy. People may be unwilling to disclose due to privacy concerns [5, 99]. Without privacy

protection, illness-related embarrassment or stigma may also appear [1, 75]. Prior work showed
that individuals were more willing to disclose personal information, opinions, and feelings on
anonymous sites [6, 60, 84]. It was also found that people disclosed more in private channels than
public channels [106]. On CaringBridge, users are free to name their sites and can manage the
audience by changing privacy settings from default medium (visible to all registered CaringBridge
users except those whom they wish to block) to low (visible to anyone including non-registered
visitors) or high (visible only to those whom are invited by the writer). A larger audience might
cause greater self-presentational and privacy concerns. Therefore, we hypothesize: H2d. Writers
with more stringent privacy settings are more likely to engage with expressive writing
than writers with lower privacy settings.

3 METHODS
To address our research questions, we first conducted a meta-analysis of empirical work that
reported the means and standard deviations of LIWC features of expressive writing. The overall
means and standard deviations synthesized frommeta-analysis were then used as model parameters
that specify the normal distribution of each class in the Gaussian naive Bayes model. Next, we
developed our own coding scheme to annotate CaringBridge updates as a test set and evaluated the
performance of our classifier on it. The pipeline is shown in Figure 1. Before going into technical
details, we first explain our research collaboration with CaringBridge and discuss ethics surrounding
the relationship.

Fig. 1. The pipeline of building machine learning models to detect spontaneous expressive writing.

3.1 CaringBridge: Platform Description, Research Collaboration, and Ethics
CaringBridge is an online platform that connects patients and caregivers to family and friends
through their health journeys. As a 501(c)(3) non-profit organization, CaringBridge has had over
2.8 billion cummulative visits from over 230 countries and territories around the world. The major
difference between CaringBridge and other online health communities is its primary functionality,
“journal”, which resembles a blog and contains a collection of “updates” arranged in a timeline.
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Fig. 2. An example site’s homepage and journal. The journal update is modified from real user data.

CaringBridge users (patients, caregivers, or both) can start a “site” (similar to a personal website)
to create a journal about a health journey and invite family and friends to follow and subscribe to
it. Subscribers receive notifications when a new journal update is posted. A site can have multiple
“authors” and an author can manage multiple sites. Users may optionally choose to disclose the
nature of the health condition for their site. Cancer is most frequently reported health condition
but other conditions include surgery/transplantation, injury, cardiovascular/stroke, COVID-19, etc.
Authors can change the privacy settings to manage the audience, where they can choose from low
(anyone can view the journal), medium (registered user of CaringBridge can view the journal, has
a block list), or high privacy (approved visitors only, has an exclusive list of invitees). Figure 2
demonstrates the appearance of a site and a journal update.

This work proceeds from a research collaboration between CaringBridge and an interdisciplinary
team from University of Minnesota. In accordance with CaringBridge’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 CaringBridge
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 University of Minnesota’s 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 CaringBridge. CSCW and related fields have recently hosted
a number of conversations to decide appropriate practices and norms around data use and dis-
semination. On one hand, it is critical to protect the rights of participants (above and beyond IRB
review) [11] and no de-identification technique is without fail [63]. On the other hand, open data
dissemination supports better science and forms of replication that could strengthen the field as a
whole [38]. We respect both sides of this conversation. Given the sensitive nature of this data, it
is not possible for us to publicly release the dataset used for analysis in this paper. However, we
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invite questions about the project and dataset by contacting the investigators who conducted this
study or CaringBridge directly. We find this to be a reasonable compromise between the priorities
of ethical protection and of replicable science.

3.2 Meta-analysis of Expressive Writing Literature
Due to its sensitive nature, there is no publicly released dataset of individual essays. Instead, we
only have access to summaries of LIWC features in aggregated forms that characterize expressive
writing. Most traditional machine learning methods require individual data points to learn model
parameters and cannot deal with aggregated training data. For example, support vector machine
needs to compute the dot product of input vectors [8]. One approach to utilize the aggregated data
is meta-analysis. Meta-analysis refers to the systematic review of a set of individual studies with the
aim to combine their results. It provides a better estimate of ground truth measurements than single
studies due to the increased amount of data and statistical power [93]. The results of meta-analysis
also generalize to a wider population due to the combination of different study populations [50]. It
is thus a valuable tool to objectively summarize existing evidence regarding a specific issue [100].
In this paper, we used pooled estimates from meta-analysis as model parameters that summarize
the normal distribution of each class in Gaussian naive Bayes and meta-analysis can be viewed as a
learning process to determine model parameters using published aggregated data.

The meta-analysis of empirical work provides one of the best possible approximations of ground
truth measurements for expressive writing and non-expressive writing, because: 1) summaries of
LIWC features were extracted from experimental studies that enforced rigorous expressive writing
and control conditions and often validated their design by manipulation check; 2) multiple studies
were combined to reduce possible sampling error in single studies and increase the amount of
data and statistical power; and 3) we applied random effects model for meta-analysis to account
for the variance introduced by different study populations and increase the generalizability to a
wider population. In contrast, annotation of CaringBridge updates to create individual training data
will introduce the bias and reduce the data quality due to lack of validated guidance for labeling
expressive writing and less-clear boundaries between expressive and non-expressive writing in the
wild. Hence, the generated training data may not truly characterize expressive and non-expressive
writing defined by domain experts. Furthermore, the meta-analysis includes about 1,100 essays to
yield the final estimates of ground truths for positive and negative emotion words and about 500
essays for causal and insight words. To annotate a training dataset of similar size will take much
time and efforts.

We started our search on Google Scholar database with keywords "expressive writing" OR "disclo-
sure writing" OR "written emotional expression" OR "written emotional disclosure" OR "therapeutic
writing" OR "writing therapy" to avoid missing any publications1, because these terms are often
used interchangeably in the literature. This returned 17,700 results, which exceeded our capability
to process. Upon checking publications from the first few pages, we found that many of them only
mentioned expressive writing in related work or references but did not really study it. Therefore,
we added terms "control group" and "control condition" to restrict to those publications that studied
expressive writing in experiment and had a control condition besides experimental conditions. We
did not add terms "experimental group" or "experimental condition" because that would exclude
many studies that used different names for their experimental groups (e.g. expressive writing group,
disclosure group). We again checked publications from the first few pages and found most of them
did not report LIWC word counts of essays. We then added the term "LIWC" to further limit to

1Note that the quotation marks around each phrase means finding the exact phrase.
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those that mentioned LIWC. This returned about 658 results, which was a reasonable number. The
final set of keywords are as follows:

("expressive writing" OR "disclosure writing" OR "written emotional expression" OR "written
emotional disclosure" OR "therapeutic writing" OR "writing therapy") AND ("control group"
OR "control condition") AND LIWC

We employed a two-pass filtering process on the paper pool. In the first pass, we read the title
and abstract to filter out papers that were not relevant to expressive writing and skimmed through
the results to filter out papers that did not report LIWC summaries. This removed 563 papers and
left us with 95 papers. In the second pass, we read the methods and results section and filtered out
papers that did not enforce the standard expressive writing protocols or did not report means and
standard deviations of word use in essays. Examples of excluded papers were papers that designed a
modified version of standard protocols such as writing about positive events only (positive writing)
[4], writing about autobiographical narratives (narrative writing) [28, 95], and online blogging [54],
and papers that only reported differences of LIWC scores between conditions [67], or correlations
of LIWC scores with some other measures [18]. This removed 48 papers and left us with 47 papers
(see full list in Table 5 in appendix).

We are interested in the LIWC categories of positive emotion, negative emotion, causal, and
insight, because previous studies already showed that higher use of these words characterized
expressive writing and were associated with better health outcomes [65, 73]. Most studies only
reported statistics of these categories. Only a few studies reported word use of other LIWC categories
such as social (friend, family), first person pronouns (I, we, me), past tense verbs, present tense verbs,
and future tense verbs [41, 103]. Since there is no evidence that these LIWC categories characterize
expressive writing or predict therapeutic effects, we do not compute summary statistics for them.
We coded the remaining 47 papers and recorded the following values for each reported LIWC

category we focused on: 1) mean percentage in the experimental condition (i.e., expressive writing
condition); 2) standard deviation of percentage in the experimental condition; 3) number of par-
ticipants’ essays in the experimental condition; 4) mean percentage in the control condition (i.e.,
non-expressive writing); 5) standard deviation of percentage in the control condition; 6) number
of participants’ essays in the control condition. If the study tested several different experimental
conditions, the one that resembled the standard expressive writing was picked. If the study included
multiple writing sessions, we computed the average means and standard deviations across sessions.
If the study reported standard error, the standard deviation was obtained from the standard error
multiplying by the square root of the sample size.

We then applied random effects models to calculate the overall mean and standard deviation of
percentage of positive emotion words, negative emotion words, causal words, and insight words in
the experimental and control condition. Random effects models are common approaches for meta-
analysis [9, 36]. Studies with greater precision (larger sample size and smaller standard deviation)
are given a higher weight when the model combines results from different studies. Compared to
fixed effects models, random effects models do not make the assumption that all included studies
come from the same population [9, 36]. Instead, the studies included in the random effects meta-
analysis are assumed to be a random sample of all possible studies. Therefore, it can account for
the variance introduced by different study populations. Because studies that have missing values in
mean, standard deviation, or sample size in the experimental or control condition cannot be used in
the random effects meta-analysis for a given LIWC category, we ended up with 32 studies to derive
overall means and standard deviations of positive emotion words in both conditions, 32 for negative
emotion words, 15 for causal words, and 17 for insight words. The full list of papers included in the
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meta-analysis for each LIWC category is presented in Table 6, 7, 8, and 9, respectively in appendix.
The results of meta-analysis are presented in Section 4.3.

3.3 Gaussian Naive Bayes Model
Gaussian naive Bayes model makes two assumptions: normality assumption (underlying data
distribution being normal) and feature independence assumption (features being independent from
each other). We chose Gaussian naive Bayes model over other models for several reasons. First,
we only have summaries of LIWC features reported in the publications and do not have access
to full text data (and would not be able to get such access to data from prior studies due to the
personal nature of expressive writing and the need to protect participant privacy). Other models
(e.g. support vector machine, random forest) require individual data points to train. Similarly, we
need complete essays to extract other features (e.g. word embeddings) than the reported LIWC
scores. Given the available data and the specific characteristics of prior work on expressive writing,
Gaussian naive Bayes is a good choice. By assuming normal distribution and feature independence,
we avoid computation of a full distribution and covariance that require individual data points.
Second, previous studies demonstrated that naive Bayes models reached reasonable accuracy in
text classification [59, 62]. For the novel task of classifying expressive writing without existing
pre-trained models, Gaussian naive Bayes model based on prior experimental work provides a
promising first step toward understanding expressive writing in the wild. We discuss the limitations
of our model and important next steps to be able to move to more sophisticated features and models
in Section 5.3.
Suppose we use random variable 𝑂 to denote the percentage of positive emotion words, 𝑁 to

denote the percentage of negative emotion words, 𝐶 to denote the percentage of causal words, 𝐼
to denote the percentage of insight words, and 𝑈 to denote whether expressive writing occurs
in an update (1 means true, 0 means false). Each random variable (or feature) follows a nor-
mal distribution that differs between expressive and non-expressive writing (e.g.,𝑝 (𝑂 |𝑈 = 0) ∼
N (𝜇𝑂0, 𝜎

2
𝑂0), 𝑝 (𝑂 |𝑈 = 1) ∼ N (𝜇𝑂1, 𝜎

2
𝑂1), since expressive and non-expressive writing are char-

acterized by different language use. Thanks to the feature independence assumption, the joint
distribution of these random variables is just the product of four normal distributions as follows:

𝑝 (𝑂, 𝑁,𝐶, 𝐼 |𝑈 = 0) = 𝑝 (𝑂 |𝑈 = 0)𝑝 (𝑁 |𝑈 = 0)𝑝 (𝐶 |𝑈 = 0)𝑝 (𝐼 |𝑈 = 0)
𝑝 (𝑂, 𝑁,𝐶, 𝐼 |𝑈 = 1) = 𝑝 (𝑂 |𝑈 = 1)𝑝 (𝑁 |𝑈 = 1)𝑝 (𝐶 |𝑈 = 1)𝑝 (𝐼 |𝑈 = 1) (1)

Based on Bayes rule, the posterior probability (the probability of an update being expressive
given its language features) can be computed from the following:

𝑝 (𝑈 = 1|𝑂, 𝑁,𝐶, 𝐼 ) = 𝑝 (𝑂, 𝑁,𝐶, 𝐼 |𝑈 = 1)𝑝 (𝑈 = 1)
𝑝 (𝑂, 𝑁,𝐶, 𝐼 |𝑈 = 1)𝑝 (𝑈 = 1) + 𝑝 (𝑂, 𝑁,𝐶, 𝐼 |𝑈 = 0)𝑝 (𝑈 = 0) (2)

The probability of an update being non-expressive given its language features is just:

𝑝 (𝑈 = 0|𝑂, 𝑁,𝐶, 𝐼 ) = 1 − 𝑝 (𝑈 = 1|𝑂, 𝑁,𝐶, 𝐼 ) (3)

We did not have any prior knowledge of the relative frequency of expressive vs. non-expressive
writing on CaringBridge, so we used uniform prior (𝑝 (𝑈 = 0) = 𝑝 (𝑈 = 1) = 0.5). Using maximum
likelihood estimation (MLE), unknown model parameters (e.g. 𝜇𝑂0 and 𝜎2

𝑂0 that specify the normal
distribution followed by 𝑝 (𝑂 |𝑈 = 0)) can be estimated by computing means and standard deviations
of LIWC scores observed in the training data. Normally, we will calculate LIWC scores for each
essay and then estimate their means and standard deviations from these individual data points.
However, in our study, what we have is not individual data points, but a quantity of aggregated
data from previous studies (i.e., means and standard deviations of LIWC scores summarized for
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a set of essays). We need a statistical tool to compute overall means and standard deviations
for the entire combination of different sets of essays. Meta-analysis is a standard tool for this
task and thus, we use its pooled estimates as model parameters. We also tested other priors (e.g.
𝑝 (𝑈 = 0) = 0.25, 𝑝 (𝑈 = 1) = 0.75) and did not find significant changes in the classifier’s F1
score as shown in Table 3. This is evidence that the model classifies expressive writing mainly
based on information in language features (likelihood function) rather than prior knowledge (prior
distribution).
An update is then classified as expressive, if it has more than 300 words and its predicted

probability of being expressive is greater than 0.5. Otherwise it is classified as non-expressive. We
decided to choose 300 words as threshold. First, standard expressive writing protocols require
individuals to write about 15 minutes and almost all studies in the literature reported more than
300 words in the expressive writing condition. It’s very unlikely that expressive writing occurs if
individuals write briefly. Therefore, we chose 300 words to approximate 15-20 minutes writing in the
standard expressive writing. Second, percentages of words from different categories are unreliable
when the update is very short. Just using one positive word will result in a high percentage if the
update only has a few words.

3.4 Evaluation of Classifier Performance
The lack of full text datasets also poses a challenge for model evaluation. Although the model is
trained on aggregated training data, it needs to classify each individual update, so we want to know
its performance on individual test data. In addition, since model parameters are learned from essays
written in controlled experiment, we want to know how well it generalizes to essays written in the
wild, a test set which is completely unknown to the model a priori and originates from different
sources. Because there is no guidance on how to label expressive writing, we need to perform a
content analysis and develop our own codebook to annotate test data [39]. CaringBridge journal
updates with fewer than or equal to 300 words do not meet the standard of 15 minutes writing
required by expressive writing and thus, should be classified as non-expressive. Inclusion of these
updates will not provide any insights on the model’s real performance, but only imbalance test
data. We excluded 9,782,929 updates with fewer than or equal to 300 words and retained 3,681,174
updates with more than 300 words for further content analysis.
We decided to analyze each writing at the sentence level, because a sentence usually contains

one message and provides a moderate level of granularity for judgement. A word or phrase is too
short to convey a complete message, whereas an update is a mix of multiple messages. It is thus
more difficult to judge the content and develop coding criteria at the word or update level. We
independently conducted an exploratory reading of 100 randomly selected updates. In this process,
we first distinguished sentences about thoughts and feelings from sentences about facts, because
based on its definition, writing about thoughts and feelings is a necessary condition for expressive
writing (i.e. sentences signaling expressive writing must be about thoughts and feelings). However,
not all sentences about thoughts and feelings signal expressive writing. Among these sentences,
we further separated “key” sentences that clearly signaled expressive writing from ambiguous ones
that were less clear on whether they signaled expressive writing and marked them in different
colors. In this way, we can formulate other necessary conditions for expressive writing and develop
a codebook of higher validity. Updates with at least one key sentence were labeled as expressive
writing and updates without any key sentence were labeled as non-expressive writing.

We then discussed each key sentence and each ambiguous sentence to clarify the boundary of
expressive writing vs. non-expressive writing. We identified another two necessary conditions
based on analysis of those sentences and definition of expressive writing. First, sentences signaling
expressive writing must be writing about self. Sentences about others’ thoughts and feelings and
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sentences quoted from books or other sources are not considered as expressive writing, because they
are not self-disclosure. Second, sentences signaling expressive writing must be writing about health
journeys or other life struggles. Sentences about mundane activities, social events, or everyday
objects and sentences about expressions of gratitude, requests of various support, or sending of good
wishes, even though they may touch individuals’ own thoughts and feelings, are not considered as
expressive writing, because they are not about deep topics. Although none of the three conditions
are sufficient, a combination of them should be close to the necessary and sufficient condition of
expressive writing. In other words, a sentence satisfying all three criteria (about thoughts and
feelings, about self-disclosure, and about specific or general struggles) is likely to imply expressive
writing. Conversely, a sentence that does not meet all three rules is unlikely to indicate expressive
writing. The refined codebook to label expressive writing is as follows:

• An update is labeled as expressive writing, if it contains at least one key sentence that clearly
signals expressive writing. An update is labeled as non-expressive writing, if it does not have
any key sentence.

• A sentence is a key sentence if it discloses: 1) one’s general feelings, moods, or mental states
that are not directed at, related to, or preceded by a specific event or object; 2) one’s thoughts
and emotions about stressful events; 3) one’s reflection on the health journey (e.g. what
he/she has learned, what he/she would like to change); or 4) one’s coping with struggles
and difficulties (e.g. discovery of meaning, accepting life, taking a self-distanced perspective,
believing and praising God).

• A sentence is not a key sentence if it writes about: 1) facts, descriptions, plans, or schedule; 2)
one’s thoughts and emotions about mundane activities, social events, or everyday objects (e.g.
we visited some old friends and felt happy); 3) others’ thoughts and emotions (e.g. I know
she must be upset); 4) content quoted from books, bibles, or other sources; or 5) common
expressions in online health communities (e.g. requesting prayers, messages, visits, or other
support, expressing gratitude, sending good wishes).

We then independently labeled another 100 updates to compute inter-rater reliability (coding
instructions are in appendix F). The Cohen’s Kappa of two raters is 0.64, which is acceptable but
not very good due to the difficulty and complexity of this labeling task. Unlike many other labeling
tasks, boundary conditions of expressive writing are not well understood and thus, there lacks
guidance for labeling expressive writing. Besides, the borders between expressive writing and
non-expressive writing are less clear in the wild than in the laboratories. There is also subjectivity
in interpretations of thoughts and feelings, self-disclosure, and life struggles. Despite this limitation,
we do not have better options for model evaluation. We went through this second set of 100 updates
together and resolved any disagreements. We ended up with 200 updates whose labels are discussed
and agreed by both raters. The results of model performance on this test set are presented in Section
4.3.

3.5 Explanatory Variables of Spontaneous Expressive Writing
As discussed in Section 2.4, we explored the following independent variables that might influence
spontaneous expressive writing:

• Gender:We use a binary variable to denote whether an update is written by female (1) or
male (0) writers.

• Health Condition:We combine different kinds of cancer into one group and other health
conditions (e.g. surgery/transplantation, injury, cardiovascular/stroke) into another group.
We use a binary variable to denote whether an update is written about health journeys of
cancer (1) or other health conditions (0).
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• Patient vs. Caregiver: We use a binary variable to denote whether an update is written by
patient (1) or caregiver (0) writers.

• Privacy: We use a categorical variable to denote whether an update is posted under low (0),
medium (1), and high (2) privacy. On CaringBridge, low privacy means information is visible
to anyone including non-registered visitors. Medium privacy means information is visible to
all registered CaringBridge users except being blocked. High privacy means information is
only visible to those whom are invited by the writer.

These independent variables can be directly mined from CaringBridge datasets of user profiles
and site settings. The dependent variable is the predicted label of whether an update is expressive
or not. We used logistic regression to test the relationship between predictors and the response
variable. The results are in Section 4.4.

4 RESULTS
4.1 Descriptive Statistics
There are about 13,464,103 journal updates in CaringBridge data. Table 1a reports the descriptive
statistics of LIWC features and total words. The correlations among them are mostly less than
0.1, with a few exceptions noted in Table 1b. The relatively low correlations suggest our feature
independence assumption made in naive Bayes model is indeed reasonable.

% Mean Median SD
posemo 0.051 0.047 0.032
negemo 0.013 0.010 0.014
causal 0.011 0.010 0.011
insight 0.017 0.015 0.014
length 243 171 251.2

(a) Descriptive statistics

Variable Pair Corr.
(posemo, negemo) -0.10
(posemo, length) -0.14
(causal, length) 0.11
(causal, insight) 0.11

(b) Correlation

Table 1. (a) Descriptive statistics of percentage of words from different LIWC categories (posemo for positive
emotion, negemo for negative emotion) and count of total words (length). (b) Correlation between features
larger than 0.1 or smaller than -0.1.

4.2 Meta-Analysis
We used meta-analysis to learn model parameters from aggregated data in publications. Results in
Table 2 show the results of meta-analysis. Essays written in the expressive writing condition on
average had 2.61% of total words being positive emotion words (sd=0.69%), 2.68% of total words

Experimental Control Independent 𝑡 test
LIWC category mean(%) sd(%) mean(%) sd(%) |𝑡 | 𝑝-value
positive emotion 2.61 0.69 1.67 0.58 6.28 <0.001***
negative emotion 2.68 0.74 0.74 0.56 14.84 <0.001***

causal 1.64 0.66 0.83 0.41 6.65 <0.001***
insight 3.00 0.67 1.05 0.57 8.48 <0.001***

Table 2. Results of random effects meta-analysis of expressive writing literature on LIWC features.
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being negative emotion words (sd=0.74%), 1.64% of total words being causal words (sd=0.66%), and
3.00% of total words being insight words (sd=0.67%). We find that people use more negative emotion
words and insight words than positive emotion words in the expressive writing condition. This is
evidence that thoughts and feelings deep inside are disclosed in the experimental condition. Essays
written in the control condition on average had 1.67% of total words being positive emotion words
(sd=0.58%), 0.74% of total words being negative emotion words (sd=0.56%), 0.83% of total words
being causal words (sd=0.41%), and 1.05% of total words being insight words (sd=0.57%). We find
that people use more positive emotion words than other categories in the non-expressive writing
condition. This is evidence that thoughts and feelings deep inside are not touched in the control
condition.

We also find that essays written in the experimental condition (expressive writing) have signifi-
cantly higher percentages of positive emotion words, negative emotion words, causal words, and
insight words than those in the control condition (non-expressive writing). The mean percentage
of negative emotion words and insight words in expressive writing is about three times the mean
in non-expressive writing. It again confirms the feasibility of using LIWC features to differentiate
expressive writing from non-expressive writing, as shown by the prior work [65, 80, 92]. The pooled
means and standard deviations of LIWC features are used as model parameters of Gaussian naive
Bayes classifier.

4.3 Classifier for Expressive Writing
Our classification model is built upon parameters pooled from meta-analysis. We evaluated our
algorithm on the test set of 200 updates with over 300 words. Table 3 presents the results of our
classifier. The accuracy of our classifier is 67%with uninformative prior (𝑝 (𝑈 = 0) = 𝑝 (𝑈 = 1) = 0.5).
This result addresses our first research question: automatic classification of expressive writing
in online updates is feasible without using a full training data. We can employ meta-analysis to
pool means and standard deviations from summaries of LIWC features reported in papers and use
Gaussian naive Bayes for classification, because the pooled means and standard deviations can be
directly used as model parameters. As the first attempt to classify expressive writing, this accuracy
is reasonable given that we lack full dataset to extract more sophisticated features and train more
advanced models and that the model evaluation is on CaringBridge updates, which are completely
unknown to the model a priori and originate from different sources.
We find that the model has high recall and low precision. This suggests our model is more

likely to mistakenly classify a non-expressive update as expressive than to mistakenly classify
an expressive update as non-expressive. This is probably because we carried out a strict coding
scheme to annotate the test set. Recall that none of writing about one’s thoughts and emotions
about mundane activities, social events, or everyday objects, about others’ thoughts and emotions,
about content quoted from books, bibles, or other sources, or about common expressions to request
support and show gratitude are considered as expressive writing by human raters. Such writing
involves the use of emotional and cognitive words and is likely to be mistakenly classified as
expressive writing by the algorithm. In the natural environment, there is no writing instructions or
administrations from researchers, so greater noise and variance in the content is inevitable. Even
human raters have low Cohen’s Kappa (0.64) when labeling this test set.
We also test how different priors affect the model performance. We find that F1 score remains

almost the same. Models with different priors all perform significantly better than the baseline
random model. Increasing the prior probability of an update being expressive from 0.1 to 0.9 means
the model is more likely to predict an update to be expressive and thus, has higher recall and lower
precision. The model has highest accuracy when the prior distribution assumed (𝑝 (𝑈 = 1) = 0.25,
25% of updates are expressive) is closest to the actual relative class frequency in the test data.
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Performance
Classifier ACC PREC REC F1

Random Model 0.49 0.52 0.5 0.51
Gaussian naive Bayes (𝑝 (𝑈 = 1) = 0.5) 0.67 0.63 0.92 0.75
Gaussian naive Bayes (𝑝 (𝑈 = 1) = 0.1) 0.66 0.63 0.86 0.73
Gaussian naive Bayes (𝑝 (𝑈 = 1) = 0.25) 0.68 0.64 0.90 0.75
Gaussian naive Bayes (𝑝 (𝑈 = 1) = 0.75) 0.64 0.60 0.94 0.73
Gaussian naive Bayes (𝑝 (𝑈 = 1) = 0.9) 0.61 0.58 0.97 0.73

Table 3. Model Performance evaluated on a test set of 200 updates. Models include: Random model that
randomly guesses the label of an update; and Gaussian naive Bayes models with different priors. The model
with uninformative priors (𝑝 (𝑈 = 1) = 0.5) is our final model. Column headers are average accuracy (ACC),
precision (PREC), recall (REC), and f1 score (F1).

Coefficients Standard Error 𝑝 value
Intercept -0.68 0.02 <0.001***

Gender: female (vs. male) 0.17 0.01 <0.001***
Health Condition: cancer (vs. non-cancer) 0.17 0.01 <0.001***

Author Type: patient (vs. caregiver) 0.23 0.01 <0.001***
Privacy: medium (vs. low) -0.77 0.02 <0.001***
Privacy: high (vs. low) -0.91 0.03 <0.001***

Table 4. Results of the logistic regression model testing effects of explanatory variables on whether an
individual writes the update expressively or not. ***:p<0.001, **:p<0.01, *:p<0.05. The generalized variance
inflation factor (GVIF) is computed for each variable: GVIF(Gender)=1.00, GVIF(Health Condition)=1.06,
GVIF(Author Type)=1.06, GVIF(Privacy)=1.01. Updates with missing values in any of the independent variables
are excluded, resulting in 464,552 observations in the logistic regression.

When we do not have any prior knowledge of the domain, uninformative prior should be used
(𝑝 (𝑈 = 1) = 0.5), because it will avoid the situation where the assumed prior distribution is far
from the actual frequency distribution. However, if prior knowledge of the domain is available,
more informative priors may be used to improve accuracy. In our case, we do not have any prior
knowledge of how many CaringBridge updates are expressive and how many are not, so we choose
uninformative prior for our model. We apply it on the entire dataset and find that 2,978,293 updates
are predicted as expressive (22%) and 10,485,810 (78%) are predicted as non-expressive.

4.4 Logistic Regression Results
Results in Table 4 show the relationship between different explanatory factors and users’ spon-
taneous expressive writing. Updates with missing values in any of the independent variables are
excluded, resulting in 464,552 observations in the logistic regression. We test multicollinearity of the
regression model by computing generalized variance inflation factor (GVIF) for each independent
variable [29]. We do not find any collinearity among explanatory variables as all GVIF values are
relatively small (listed in Table 4). We find that all independent variables show significance in the
model.

Specifically, the log odds of writing expressively in an update increases by 0.17 from male writers
to female writers. This supports H2a that females writers are more likely to engage with expressive
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writing than male writers. The log odds of writing expressively in an update increases by 0.17
from writers who write about health journeys of other health conditions to writers who write
about health journeys of cancer. This supports H2b that writers who write about health journeys
of cancer are more likely to engage with expressive writing than writers who write about health
journeys of other health conditions. The log odds of writing expressively in an update increases by
0.23 from caregiver writers to patient writers. This supports H2c that patient writers are more likely
to engage with expressive writing than caregiver writers. The log odds of writing expressively in
an update decreases by 0.77 from writers with low privacy settings to writers with medium privacy
settings and decreases by 0.91 from writers with low privacy settings to writers with high privacy
settings. This rejects H2d. Actually writers with higher privacy settings are less likely to engage
with expressive writing than writers with lower privacy settings.

These results address our second research question: spontaneous expressive writing is indeed
affected by a variety of factors, as implied in the literature (see Section 4.3). Most of our hypotheses
are supported, but effects of privacy settings on users’ engagement with expressive writing are
opposite to our hypothesis. One possible explanation is that writers with higher privacy settings
are those who tend to worry more about privacy or self-presentational concerns in nature or
are experiencing illness-related embarrassment and stigma, which prevent them from expressive
writing. Another possible explanation is that the results are confounded by potential benefits of
expressive writing. Lower privacy settings may help people get more help, support, and responses
from the community and give them a sense of being heard. It also avoids the inconvenience that
family and friends have to register and log in CaringBridge to follow and view updates. Based on
cost-benefit analysis, if people gain more benefits from lower privacy settings, they will still choose
it despite higher risks. Furthermore, since people are free to name their sites on CaringBridge,
lower privacy settings may not actually lead to higher perceived risks.

5 DISCUSSION
5.1 Reflection on Methodology
Classification of expressive writing is a novel problem that has not been explored. Its biggest
challenge is lack of full text dataset. Because expressive writing involves disclosure of sensitive
content, previous studies only reported summaries of LIWC features in the form of means and
standard deviations without sharing the dataset. Traditional machine learning models require
individual data points to train. In order to utilize the aggregated data, we conducted a meta-analysis
to combine the results of different studies and derive overall means and standard deviations as
model parameters used by Gaussian naive Bayes. Similar methodology can be adopted in other
application domains, such as health care, where individual patient data is not accessible and only
summaries of patient data are reported to protect privacy.

Compared to creation of training data from scratch for expressive writing, using existing aggre-
gated data in the literature has several advantages. First, summaries of text data in the literature
are collected and validated by domain experts. We can have confidence that the derived model
parameters from meta-analysis truly characterize expressive writing. If we annotate training data
on our own, it is likely to introduce bias and reduce data quality, because there does not exist any
guidance on how to label expressive writing. Second, meta-analysis combines multiple studies
and thus, includes a large size of samples to compute the final estimates (about 1000 essays to
compute estimates for positive and negative emotion words). In contrast, annotation takes much
time and efforts. It is very unlikely to create a dataset of similar size as meta-analysis. Furthermore,
annotation itself can be a difficult task, because there are greater noise and variance in the content
generated in the wild and boundaries between expressive and non-expressive writing on such
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content are fuzzy. Indeed, Cohen’s Kappa between two human raters is not very high. Nonetheless,
if there is guidance to annotate and validate data, it will be worth the pain to create a gold standard
dataset that can be reusable by oneself and others and enable more sophisticated features and
models.

5.2 Reflection on Results
Expressive writing can provide many health benefits, but it has been mostly studied inside lab-
oratories and under experimental procedures. Expressive writing that occurs naturally outside
the labs is rarely studied, partially because we are overwhelmed by large amount of writings and
it’s hard to find out the ones that are expressive and therapeutic. In this paper, we made the first
step to differentiate expressive vs. non-expressive writing. By applying the classifier that classifies
expressive essays, research in this space can be expanded from lab-based experimental studies to
investigation of natural occurrences of expressive writing. Research in spontaneous expressive
writing will benefit real users at a larger scale. In addition, this classification model may be applied
to assist individuals self-track their writing process and reflect on it. In this way, users can gain
the most benefits from their writing and learn to cope with the hard times in their life through
expressive writing.
Among the 13M updates on CaringBridge, roughly 22% of them are predicted to be expressive.

This suggests CaringBridge provides a space for many users to engage with expressive writing
and gain benefits from it. From the logistic regression results, our hypotheses that female writers
(H2a), writers who write about health journeys of cancer (H2b), and patient writers (H2c) are more
likely to engage with expressive writing. For these users, it’s important to provide an enjoyable
experience of writing and keep their engagement so that they can receive health benefits. However,
special care and support might also be needed, as such spontaneous expressive writing might
indicate writers are suffering from greater pain and stress than others, which causes their greater
motives to vent out thoughts and feelings and greater needs to solicit help from the community.
For users who are less likely to engage with expressive writing, using prompts or incentives may
facilitate their engagement with expressive writing, but too much intervention should be avoided.
It should remain a free space for an individual to decide whatever he/she wants to write or decide
not to write at all.

Contrary to our hypothesis H2d, we see that individuals are more likely to engage with expressive
writing in lower privacy settings than in higher privacy settings. This implies that the existence of
a larger audience is probably an incentive for writers to share their personal feelings and thoughts.
Expressive writing is probably more than an individual activity, where people talk to themselves
and heal mental wounds alone. Instead, expressive writing may serve for social purposes. It is
possible that individuals write expressively in order to be heard and receive social support. It is
also possible that expressive writing, like spiritual fellowship, is an important way to connect
writers and readers together and strengthen their relations. However, it must be noted that in some
contexts, expressive writing might harm social relations (e.g. when writing about something that
might bring stigma or embarrassment) and high levels of privacy are still needed to create a safe
environment for these individuals (such as 12 step followship [82, 107]).

5.3 Limitations and Future Work
By using Gaussian naive Bayes model, we make the assumptions that word use of different LIWC
categories are normally distributed and language features are independent from each other. However,
these assumptions may not be true. It is possible that percentages of words from different LIWC
categories follow other distributions and different features are not independent. Our model only
provides a reasonable approximation of the real data. However, these two assumptions are probably
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the minimal set of assumptions we have to make. We assume normal distribution, because we do
not have full datasets to compute the exact distribution or prior knowledge of underlying data
distribution. Similarly, we assume feature independence, because we do not have individual data
points to compute the covariance between features. In the future, classification models that assume
other distributions than Gaussian (e.g. beta distribution) may be explored.
In this work, we try to predict spontaneous expressive writing in online health communities

that share similar linguistic characteristics with standard expressive writing in lab-based settings,
because therapeutic effects and LIWC features of standard expressive writing are well documented.
Given the diversity of content written in the natural environment, it is possible that there exist
other types of spontaneous expressive writing, which has similar health benefits, but has different
linguistic features. Psychologists have made efforts to push the boundary conditions of expressive
writing and explore underlying mechanisms for its therapeutic power. For example, several studies
showed that health benefits were also observed when participants wrote about positive aspects
of adverse experiences (benefit finding) [20], wrote in a narrative fashion about stressful events
(narrative writing) [21], wrote gratitude letters [96], or even wrote about imaginary traumas [35].
On CaringBridge, users also express gratitude or quote stories from books and bibles in their
updates. However, evidence for beneficial effects of such “non-standard” expressive writing and
reports of their linguistic characteristics are relatively scarce. We chose to follow the standard
concept of expressive writing, because it has been well studied and established. The cost is that
our model is not able to capture “non-standard” expressive writing. Future work can work on
capturing all kinds of expressive writing or even predicting a continuous expressiveness score, if
health benefits are consistently found for “non-standard” expressive writing.

We evaluated the performance of our classifier on a test set of CaringBridge updates annotated
by ourselves. This will inevitably introduce bias into the data, since there is no validated annotation
instructions. Different people may interpret the same sentence or writing differently, as there is no
clear definition of what count as “deepest thoughts and feelings”. Indeed, when we annotate the
CaringBridge updates, Cohen’s Kappa is just 0.64. Nonetheless, this is the best available method to
test our classifier’s performance. Our model is trained on aggregated data from essays in lab studies
rather than CaringBridge updates, which means the test data is completely unknown to the model
a priori and originates from different sources. Hence, we are unlikely to have overfitting issues. In
the future, it will be useful to construct a validated approach to annotate expressive writing and
compare the performance of model parameters learned from meta-analysis to those learned from
grounded data.
We did not reach a high accuracy on the test set, but it is acceptable considering: 1) this is the

first work to classify expressive writing and thus, neither prior knowledge nor pre-trained models
can be utilized; 2) there lacks full dataset of individual data points to extract more sophisticated
features or train more advanced models; 3) most previous studies did not report summaries of other
linguistic features than emotional and cognitive words; 4) evaluation on a completely unknown test
set extracted from a totally different source naturally leads to lower accuracy; 5) our annotation
of test set introduces bias and leads to lower accuracy (e.g. disclosing one’s thoughts and feelings
about daily activities is not considered as expressive writing by us, but is classified as expressive
writing by the model due to its use of emotional and cognitive words). Future work may focus on
creation of gold standard datasets to enable the use of more sophisticated features and machine
learning algorithms.
There are several directions for classifiers’ improvement depending on the type of data to use.

The first is to keep using aggregated data. We can try out other generative models with different
assumptions regarding data distribution and evaluate their performance. We can also try to obtain
other features in aggregated form than LIWC categories (e.g. term frequency–inverse document
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frequency) by collaborating with psychologists in this space and providing them with tools to
compute those features. With more proper assumptions and more features, model performance
can be improved without compromising participants’ privacy. The second is to create a gold
standard dataset for expressive writing. We may replicate previous lab-based studies and collect
participants’ essays in different writing conditions. These essays can then be directly used without
additional labeling, as the condition determines the label. We may also construct a dataset from
publicly available data such as posts in online health communities. This requires iterative codebook
development in collaboration with domain experts to make sure that labels are reliable and valid.
Future research may examine the necessary and sufficient condition for expressive writing, which
will guide the codebook development. Future work may also look at the frequency rather than
the existence of key sentences, or analyze content at a different level of granularity to develop a
better codebook. With a full text dataset that enables all kinds of features and models, classifiers’
performance can be improved. However, we must deliberately take steps to protect users’ privacy,
such as deidentifying users and storing data on secure servers. The third is to use existing datasets
that are related to expressive writing. For example, datasets of self-disclosure classification (self-
disclosure vs. not self-disclosure), topic classification (mundane, shallow topic vs. serious, deep
topic), or subjectivity classification (opinions and attitudes vs. facts and descriptions) may be used
for transfer learning to improve model performance [48], as expressive writing is related to these
domains. The downside is its technical complexity.

6 CONCLUSION
This paper offers twomajor contributions to the CSCWcommunity. First, we learnmodel parameters
from meta-analysis of the literature to deal with the lack of full text data for our classification model
and reach reasonable accuracy in predicting if an update is expressive or not. The methodology itself
provides a new possibility for researchers to build automated tools for sensitive data that is only
shared in summaries rather than in individual data points. The classification model built is useful
to individuals in self-tracking of the writing process and researchers in isolating expressive writing
from large amount of data. Second, we explore potential factors that may influence individuals’
spontaneous expressive writing and identify gender, health condition, author type, and privacy
settings as important factors. This serves as the first step to analyze expressive writing in the
natural environment.
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A LIST OF PAPERS IN THE FINAL POOL

Title Author Year Participants
Cognitive, emotional, and language processes in disclo-
sure

Pennebaker 1996 student

Effects of disclosure of traumatic events on illness behav-
ior among psychiatric prison inmates

Richards 2000 prisoner

Expressive writing can increase working memory capac-
ity

Klein 2001 student

Praying about difficult experiences as self-disclosure to
God

VandeCreek 2002 student

Transformational processing: Healthy identity function-
ing in written narratives of emotionally challenging life
events

Smith 2003 student

Brief Report: Psychological Impact of Writing About
Abuse or Positive Experiences

Antal 2005 student

Getting to the heart of the matter: Written disclosure,
gender, and heart rate

Epstein 2005 student

Language use in imagined dialogue and narrative disclo-
sures of trauma

Burke 2006 student

Cognitive-behavioral models of emotional writing: A val-
idation study

Guastella 2006 student

Expressive disclosure and benefit finding among breast
cancer patients: Mechanisms for positive health effects

Low 2006 patient

The Effects of Expressive Writing on Adjustment to HIV Rivkin 2006 patient
Measuring Engagement as a Moderator within an Expres-
sive Writing Intervention for Smokers

Stone 2006 smoker

Affectionate writing reduces total cholesterol: Two ran-
domized, controlled trials

Floyd 2007 student

Does Expressive Writing Reduce Stress and Improve
Health for Family Caregivers of Older Adults?

Mackenzie 2007 caregiver

Telling and the remembered self: Linguistic differences in
memories for previously disclosed and previously undis-
closed events

Pasupathi 2007 student

Does altering the writing instructions influence outcome
associated with written disclosure?

Sloan 2007 student

Changes in mood predict disease activity and quality of
life in patients with psoriasis following emotional disclo-
sure

Vedhara 2007 patient

Linguistic analyses of natural written language: Unobtru-
sive assessment of cognitive style in eating disorders

Wolf 2007 patient

Variations in the spacing of expressive writing sessions Chung 2008 student
Are alexithymia and emotional characteristics of disclo-
sure associated with blood pressure reactivity and psycho-
logical distress following written emotional disclosure?

Oconnor 2008 adult
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Healing the wounds of organizational injustice: Examin-
ing the benefits of expressive writing

Barclay 2009 student

The Effects of Pennebaker’s Writing Paradigm on Physi-
cal and Emotional Distress: An Exploration of Narrative
Content and Moderating Variables

Kearns 2009 student

Assessing coping strategies by analysing expressive writ-
ing samples

Lee 2009 student

Expressive writing with university students with disabil-
ities

Lotze 2009 disabled

Potential benefits of expressive writing for male college
students with varying degrees of restrictive emotionality.

Wong 2009 student

The effects of web-based interactive emotional disclosure
on stress and health: A randomized, controlled study

Beyer 2010 PTSD

Therapeutic writing as an intervention for symptoms of
bulimia nervosa: effects and mechanism of change

Johnston 2010 student

Assessing coping strategies by analysing expressive writ-
ing samples

Lee 2010 student

Participant experiences of a written emotional disclosure
intervention in asthma

Theadom 2010 patient

Coping with stressful events: Use of cognitive words in
stressful narratives and the meaning-making process

Boals 2011 student

RU stressed?: the physical and psychological effects of
odor exposure and writing about stressful experiences

Castellanos 2011 student

Does emotional disclosure about stress improve health
in rheumatoid arthritis? Randomized, controlled trials of
written and spoken disclosure

Lumley 2011 patient

Linguistically-tailored video feedback increases total and
positive emotional expression in a structured writing task

Owen 2011 adult

An investigation of the efficacy of online expressive writ-
ing for trauma-related psychological distress in Hispanic
individuals

Hiral 2012 student

Alexithymia, emotional intelligence, and their relation to
word usage in expressive writing

Pluth 2012 patient

Alexithymia, emotional intelligence, and their relation to
word usage in expressive writing

Hanson 2013 adult

An Experimental Test of Instructional Manipulations in
Expressive Writing Interventions: Examining Processes
of Change

Nazarian 2013 student

The Language of Psychological Change: Decoding an
Expressive Writing Paradigm

North 2013 student

Computer-based written emotional disclosure: the effects
of advance or real-time guidance and moderation by Big
5 personality traits

Beyer 2014 student

Expressive writing and posttraumatic growth: An
Internet-based study

Stockton 2014 patient
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Pilot trial of an expressive writing intervention with HIV-
positivemethamphetamine-usingmenwho have sexwith
men

Carrico 2015 patient

Randomised controlled trial of expressive writing and
quality of life in men and women treated for colon or
rectal cancer

Lepore 2015 patient

The Effects of ExpressiveWriting on Lung Function, Qual-
ity of Life, Medication Use, and Symptoms in Adults With
Asthma: A Randomized Controlled Trial

Smith 2015 patient

Feasibility and participant experiences of a written emo-
tional disclosure intervention for parental caregivers of
people with psychosis

Jones 2016 caregiver

The effects of expressive writing before or after punch
biopsy on wound healing

Robinson 2017 patient

The Roles of Self-Affirmation and Emotional Disclosure
in Promoting Adjustment to Chronic Financial Stress: An
Experimental Investigation

Bauer 2018 student

The effect of expressive writing on the error-related neg-
ativity among individuals with chronic worry

Schroder 2018 student

Table 5. List of 47 papers in the final pool.
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B LIST OF PAPERS INCLUDED IN META-ANALYSIS OF POSITVE EMOTIONWORDS

Author Year Expressive Writing Non-expressive Writing
mean (%) sd (%) N mean (%) sd (%) N

Richards 2000 2.36 1.03 36 2.80 1.37 29
Klein 2001 3.00 0.65 35 1.30 0.59 36
Antal 2005 2.27 0.91 16 1.19 1.27 26
Epstein 2005 0.90 0.56 51 0.48 0.23 43
Burke 2006 2.10 0.80 57 1.00 0.70 63
Low 2006 2.94 1.12 20 1.41 1.12 16
Rivkin 2006 2.67 1.21 22 1.90 1.15 23
Floyd 2007 4.21 1.89 15 2.71 1.40 15

Mackenzie 2007 2.66 1.00 14 1.19 0.73 13
Sloan 2007 2.08 0.63 28 1.12 0.44 27

Vedhara 2007 1.90 1.10 31 1.43 0.96 28
Oconnor 2008 2.25 0.88 43 0.75 0.42 44
Kearns 2009 3.40 0.74 38 1.54 0.49 33
Lotze 2009 3.17 0.97 24 1.63 0.90 26
Wong 2009 4.00 1.06 79 1.95 0.68 74
Beyer 2010 1.90 0.54 40 1.84 0.69 36

Theadom 2010 2.46 1.50 18 1.18 1.27 18
Boals 2011 2.51 1.17 89 2.12 1.30 88

Castellanos 2011 2.81 1.22 40 1.28 0.92 40
Lumley 2011 2.54 0.92 43 2.09 0.94 21
Hiral 2012 2.45 1.37 54 2.16 1.60 50

Hanson 2013 2.92 1.86 8 1.65 0.81 7
Nazarian 2013 2.72 0.99 34 2.31 1.02 33
Beyer 2014 1.90 0.54 41 1.85 0.68 40

Stockton 2014 2.21 1.14 14 1.73 1.11 10
Carrico 2015 3.88 0.87 12 3.67 3.32 11
Lepore 2015 2.40 0.92 101 2.68 0.78 92
Smith 2015 2.23 1.02 55 2.02 1.60 65
Jones 2016 1.93 1.08 12 1.78 0.73 12

Robinson 2017 3.09 1.06 31 1.82 0.87 33
Bauer 2018 2.85 0.73 36 1.26 0.52 37

Schroder 2018 3.75 1.67 21 1.47 0.98 19
Table 6. List of 32 papers in the meta-analysis of positive emotion words. % denotes percentage of total
number of words. N denotes number of participants’ essays in the writing condition. In total, there are 1158
essays included in the meta-analysis of positive emotion words for the expressive writing condition and 1108
essays for the control condition.
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C LIST OF PAPERS INCLUDED IN META-ANALYSIS OF NEGATIVE EMOTION
WORDS

Author Year Expressive Writing Non-expressive Writing
mean (%) sd (%) N mean (%) sd (%) N

Richards 2000 2.80 1.24 36 1.39 1.15 29
Klein 2001 2.00 0.71 35 0.34 0.65 36
Antal 2005 2.97 1.30 16 0.51 0.46 26
Epstein 2005 1.24 0.48 51 0.29 0.25 43
Burke 2006 2.10 0.90 57 0.50 0.30 63
Low 2006 2.24 0.58 20 0.98 0.60 16
Rivkin 2006 2.05 0.96 22 0.89 0.92 23
Floyd 2007 1.01 0.55 15 0.62 0.47 15

Mackenzie 2007 2.16 0.90 14 0.37 0.40 13
Sloan 2007 3.05 1.12 28 0.56 0.33 27

Vedhara 2007 2.23 1.16 31 0.45 0.45 28
Oconnor 2008 2.98 0.99 43 0.32 0.27 44
Barclay 2009 3.07 1.45 25 0.52 1.45 25
Kearns 2009 3.02 0.79 38 0.55 0.27 33
Lotze 2009 2.53 1.20 24 0.60 0.73 26
Wong 2009 1.88 0.70 79 1.08 0.46 74
Beyer 2010 2.62 0.70 40 0.87 0.62 36

Theadom 2010 2.25 1.86 18 0.29 0.62 18
Boals 2011 3.60 1.54 89 2.87 1.45 88

Castellanos 2011 3.02 1.45 40 0.42 0.49 40
Lumley 2011 3.16 1.23 43 0.66 0.88 21
Hiral 2012 4.10 1.56 54 2.54 1.46 50

Hanson 2013 4.27 1.73 8 0.53 0.35 7
Nazarian 2013 3.53 1.18 34 0.57 0.40 33
Stockton 2014 4.00 1.56 14 1.05 0.79 10
Carrico 2015 2.35 0.67 12 0.78 0.66 11
Lepore 2015 2.16 0.81 101 0.64 0.47 92
Smith 2015 2.82 1.26 55 0.46 0.44 65
Jones 2016 2.91 1.14 12 0.72 0.46 12

Robinson 2017 3.55 1.92 31 0.50 0.40 33
Bauer 2018 2.77 0.74 36 0.66 0.33 37

Schroder 2018 2.52 1.19 21 0.52 0.60 19
Table 7. List of 32 papers in the meta-analysis of negative emotion words. % denotes percentage of total
number of words. N denotes number of participants’ essays in the writing condition. In total, there are 1142
essays included in the meta-analysis of negative emotion words for the expressive writing condition and 1093
essays for the control condition.
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D LIST OF PAPERS INCLUDED IN META-ANALYSIS OF CAUSALWORDS

Author Year Expressive Writing Non-expressive Writing
mean (%) sd (%) N mean (%) sd (%) N

Klein 2001 1.10 0.35 35 0.53 0.35 36
Burke 2006 1.00 0.50 57 0.60 0.40 63
Rivkin 2006 1.41 0.81 22 0.60 0.60 23
Barclay 2009 2.30 0.80 25 1.13 0.80 25
Kearns 2009 2.15 0.44 38 1.04 0.29 33
Lotze 2009 2.00 0.94 24 0.97 0.81 26
Wong 2009 1.30 0.45 79 1.57 0.67 74

Theadom 2010 0.87 0.88 18 0.18 0.31 18
Castellanos 2011 2.36 1.07 40 0.98 0.70 40
Lumley 2011 1.45 0.50 43 0.95 0.55 21
Stockton 2014 1.72 0.92 14 1.12 0.64 10
Smith 2015 1.03 0.67 55 0.27 0.34 65
Jones 2016 0.79 0.41 12 0.35 0.29 12
Bauer 2018 2.48 0.66 36 1.36 0.56 37

Schroder 2018 2.89 1.27 21 0.95 0.65 19
Table 8. List of 15 papers in the meta-analysis of causal words. % denotes percentage of total number of words.
N denotes number of participants’ essays in the writing condition. In total, there are 519 essays included
in the meta-analysis of causal words for the expressive writing condition and 502 essays for the control
condition.
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E LIST OF PAPERS INCLUDED IN META-ANALYSIS OF INSIGHTWORDS

Author Year Expressive Writing Non-expressive Writing
mean (%) sd (%) N mean (%) sd (%) N

Klein 2001 2.40 0.65 35 0.74 0.41 36
Antal 2005 3.07 1.10 16 0.92 0.62 26
Burke 2006 2.00 0.60 57 1.10 0.60 63
Rivkin 2006 2.78 1.13 22 1.27 0.83 23
Kearns 2009 3.65 0.61 38 0.74 0.34 33
Lotze 2009 3.97 1.48 24 1.20 1.08 26
Wong 2009 3.94 1.14 79 2.92 1.11 74

Theadom 2010 2.35 1.44 18 0.45 0.85 18
Castellanos 2011 3.15 1.28 40 0.40 0.56 40
Lumley 2011 2.63 0.89 43 0.91 1.30 21
Beyer 2014 2.61 0.71 41 1.23 0.59 40

Stockton 2014 3.58 1.53 14 1.45 1.33 10
Smith 2015 2.60 1.13 55 0.56 0.49 65
Jones 2016 2.13 0.71 12 1.26 0.75 12

Robinson 2017 3.37 1.06 31 0.88 0.54 33
Bauer 2018 3.00 0.74 36 1.05 0.41 37

Schroder 2018 4.30 1.93 21 0.99 1.21 19
Table 9. List of 17 papers in the meta-analysis of insight words. % denotes percentage of total number of
words. N denotes number of participants’ essays in the writing condition. In total, there are 582 essays
included in the meta-analysis of insight words for the expressive writing condition and 576 essays for the
control condition.
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F CODING INSTRUCTIONS
Please read each sentence closely and use your best judgment to decide if a sentence is a key
sentence that signals expressive writing. A key sentence must be self-disclosure of thoughts
and feelings about health journeys or other life struggles. Specifically, a key sentence
writes about: 1) one’s general feelings, moods, or mental states that are not directed at,
related to, or preceded by a specific event or object; 2) one’s thoughts and emotions about
stressful events; 3) one’s reflection on the health journey (e.g. what he/she has learned,
what he/she would like to change); or 4) one’s coping with struggles and difficulties (e.g.
discovery of meaning, accepting life, taking a self-distanced perspective, believing and
praising God). A sentence is NOT a key sentence, if it writes about: 1) facts, descriptions,
plans, or schedule; 2) one’s thoughts and emotions about mundane activities, social events,
or everyday objects (e.g. we visited some old friends and felt happy); 3) others’ thoughts
and emotions (e.g. I know she must be upset); 4) content quoted from books, bibles, or other
sources; or 5) common expressions in online health communities (e.g. requesting prayers,
messages, visits, or other support, expressing gratitude, sending good wishes). Mark each
key sentence for future reference. Label an update as expressive writing (denote as 1), if it
contains at least one key sentence. Label an update as non-expressive writing (denote as
0), if it does not have any key sentence.

Received June 2020; revised October 2020; accepted December 2020

Proc. ACM Hum.-Comput. Interact., Vol. 5, No. CSCW1, Article 62. Publication date: April 2021.


	Abstract
	1 Introduction
	2 Related Work
	2.1 Expressive Writing
	2.2 Self-Disclosure
	2.3 Linguistic Markers of Psychological Processes
	2.4 Explanatory Variables of Expressive Writing

	3 Methods
	3.1 CaringBridge: Platform Description, Research Collaboration, and Ethics
	3.2 Meta-analysis of Expressive Writing Literature
	3.3 Gaussian Naive Bayes Model
	3.4 Evaluation of Classifier Performance
	3.5 Explanatory Variables of Spontaneous Expressive Writing

	4 Results
	4.1 Descriptive Statistics
	4.2 Meta-Analysis
	4.3 Classifier for Expressive Writing
	4.4 Logistic Regression Results

	5 Discussion
	5.1 Reflection on Methodology
	5.2 Reflection on Results
	5.3 Limitations and Future Work

	6 Conclusion
	References
	A List of Papers in the final pool
	B List of Papers Included in Meta-analysis of Positve Emotion Words
	C List of papers included in meta-analysis of negative emotion words
	D List of papers included in meta-analysis of causal words
	E List of papers included in meta-analysis of insight words
	F Coding Instructions

