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ABSTRACT
Social media platforms continue to evolve as archival platforms,
where important milestones in an individual’s life are socially disclosed for support, solidarity, maintaining and gaining social capital,
or to meet therapeutic needs. However, a limited understanding of
how and what life events are disclosed (or not) prevents designing
platforms to be sensitive to life events. We ask what life events individuals disclose on a 256 participants’ year-long Facebook dataset
of 14K posts against their self-reported life events. We contribute
a codebook to identify life event disclosures and build regression
models on factors explaining life events’ disclosures. Positive and
anticipated events are more likely, whereas significant, recent, and
intimate events are less likely to be disclosed on social media. While
all life events may not be disclosed, online disclosures can reflect
complementary information to self-reports. Our work bears practical and platform design implications in providing support and
sensitivity to life events.

CCS CONCEPTS
• Human-centered computing → Empirical studies in collaborative and social computing; Social media; • Applied computing →
Psychology.

KEYWORDS
social media, life events, language, self-disclosure, audience, selfreports, individual differences
Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.
CHI ’21, May 8–13, 2021, Yokohama, Japan
© 2021 Association for Computing Machinery.
ACM ISBN 978-1-4503-8096-6/21/05. . . $15.00
https://doi.org/10.1145/3411764.3445405

ACM Reference Format:
Koustuv Saha, Jordyn Seybolt, Stephen M. Mattingly, Talayeh Aledavood,
Chaitanya Konjeti, Gonzalo J. Martinez, Ted Grover, Gloria Mark, and Munmun De Choudhury. 2021. What Life Events are Disclosed on Social Media,
How, When, and By Whom?. In CHI Conference on Human Factors in Computing Systems (CHI ’21), May 8–13, 2021, Yokohama, Japan. ACM, New York,
NY, USA, 22 pages. https://doi.org/10.1145/3411764.3445405

1

INTRODUCTION
“Yes, my year looked like that. True enough. My year looked
like the now-absent face of my little girl. It was still unkind
to remind me so forcefully. [..] The Year in Review ad [kept]
coming up in my feed, rotating through different fun-andfabulous backgrounds, as if celebrating a death, and there
[was] no obvious way to stop it” – Eric Meyer [102]

Ups and downs are inevitable in an individual’s life. As social
media platforms continually emerge as important parts of many of
our lives [121], they serve many needs and purposes surrounding
those very ups and downs of life. Not only do these platforms enable
individuals to connect with others and share day-to-day happenings in life [17, 59, 156], they also have explicit affordances [21] in
design that allow individuals to record and archive their important
life events. For instance, the Facebook timeline reminds people of
birthdays and personal milestones.
Toward better user experience, most social media platforms today employ algorithms to recommend, rank, or curate personalized
content. However, despite providing affordances to gather information on life events, social media content personalization largely relies on topics, interests, and social connections, and rarely accounts
for an individual’s life events. For this reason, when a Facebook
user Eric Meyer was shown his “Year in Review” on the platform
in 2014 that included his now-dead daughter’s picture, he felt the
feature to not only be jarring but also emotionally triggering – labeling the News Feed algorithm as “inadvertently cruel” due to its
insensitivity to people’s life events [102].
We note that in their attempts to serve as safe spaces for authentic expression, support seeking, and promoting wellbeing [23, 37],
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social media platforms need to consider affordances and algorithms
that are sensitive to, respectful of, and compassionate towards
major happenings in an individual’s life. Such an approach can
improve the value one can gain from social media participation,
such as meeting varied emotional, informational, and therapeutic
needs, and empowering people to gain, maintain, and leverage their
social capital. Furthermore, research in human-computer interaction (HCI) and computer-mediated communication (CMC) reveals
how naturalistic, self-initiated, and open-ended forms of social data
recording, enabled by social media, can augment our understanding
of people’s reactions and behavior changes surrounding major life
events, such as gender transition [66], death of a loved one [19, 97],
child birth [36], job loss [23], and pregnancy loss [7]. For example,
after a personal crisis, people may desire to reach out to their social media networks for support [7], and following a job loss, an
individual may seek empathy from their online social ties and seek
new opportunities or job search-related resources from their weak
ties [23]. Together, this calls for a critical need to understand
social media disclosures of life events.
A life event disclosure on social media uniquely conveys how
someone perceives and shares their feelings about the event. However, from an individual’s perspective, deciding to self-disclose
something as sensitive as a life event on social media can be influenced and compounded by various factors. Literature outlines social
media disclosure is affected by factors related to self-presentation,
social desirability, audience, boundary regulation, and stigma —
people may want to be viewed in particular ways across different
audiences, or may not be comfortable about sharing some aspects
of their lives with their social media audience [54, 80, 96]. Importantly, an individual may not disclose all life events on social media,
and the disclosure choices may vary across individuals and situations. However, the specific factors that explain disclosures (and
non-disclosures) remain largely unknown. A deeper examination of
life event disclosures would help us understand the authenticity of
social media postings regarding how closely this data reflects realworld occurrences of life events in one’s life. This would also help to
design platform affordances that account for and are sensitive to an
individual’s life events, and content curation/recommendation algorithms that more adequately represent the gap between observed
and unobserved social media behaviors.
Towards designing platforms sensitive to life events, this formative study seeks to understand what life events people disclose or
withhold on social media, how and when these disclosures happen,
and what are the attributes of individuals who tend to disclose
versus not. To accomplish our research goal, in the absence of “true
ground-truth” of life event occurrences, we compare social media
disclosures of life events with life events self-reported on a standardized survey. Specifically, we use year-long Facebook data from 236
participants who also responded to a retrospective survey, adapted
from the PERI life events scale [42], which inquired about life event
occurrences in the past year. We ask the below research questions:
RQ 1:
RQ 2:

How do social media self-disclosures of life events deviate
from self-reported survey?
How do individual and event attributes explain the deviation in life event disclosure on social media compared
to the self-reported survey?
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First, targeting the question of how online self-disclosures of life
events deviate from self-reports, we qualitatively code and define
life event disclosures on Facebook data. Our work contributes a
comprehensive codebook (available for theory and practice)
that enhances our understanding of social media disclosures
of life events. We thematically analyze the language of life event
descriptions on social media as compared to their occurrences, with
insightful findings such as: social media life event disclosures are
typically expressive and emotional in nature; multiple life events
may be recorded in the two modalities – social media and survey that might be related, unrelated, or causal; and that negative
events tend to stand out in the retrospective recall of individuals,
manifested through their survey responses.
Second, given an individual and a life event, we examine how
individual attributes (demographics and traits) and event attributes
explain the deviation in disclosure on social media compared to selfreports. We build logistic regression models of logging behaviors
by controlling for individual and event attributes. Here individual
attributes correspond to demographics and intrinsic traits of cognitive ability, personality, and affect, and event-centric attributes
correspond to valence, significance, recency, anticipation, intimacy,
scope, status and type of event. Our analyses reveal significant
findings advancing our understanding of online life event disclosures: positive and anticipated events are more likely to be disclosed online, whereas significant, recent, and intimate events bear
a propensity to be self-reported in survey.
Our findings reveal how different life events may elicit varied
decision-making processes on the part of social media users surrounding what, when, and how to disclose, while also navigating
the underlying norms of the platform and the audience of a potential disclosure. Then by unpacking the fundamental differences
between social media platforms and surveys as it pertains to their
respective context of use and available affordances, we discuss a
need to understand and straddle the socio-technical gap [1] between
what individuals disclose online in a self-initiated, intrinsically motivated manner, and what they self-report offline to a prompted
survey conducted by a more private but unfamiliar audience of
researchers. Drawing on these theoretical underpinnings and implications, we argue that a “one size fits all” approach to scaffold
online life event disclosures may not work. We conclude by providing design suggestions for social computing systems that are
sensitive to people’s life events, including strategies that accommodate non-disclosure practices and that provide agency to those
social media users who choose not to disclose specific life events.

2 BACKGROUND AND RELATED WORK
2.1 Life Events: Importance and Assessment
Harkness and Monroe define life events as “environmental changes
that have a definable beginning point in time and that would be
expected to be associated with at least some degree of psychological threat, unpleasantness, or behavioral demands.” Life events
have varying importance, severity, and valence [42]. Acute and
major life events require substantial behavioral adjustments and
can cause physical and psychological distress [152]. They are, therefore, a predictor of various physical and mental conditions such
as chronic fatigue [137], depression [2, 149], and anxiety [83]. The
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effect of these events on people’s lives has long been a topic of study
by social scientists. This has led to designing and implementing
methodologies to identify and assess major life events [41, 73, 140].
Life events are predominantly assessed with survey questionnaires and interviews [103]. These assessments are typically conducted after a period of time, such as during longitudinal assessment
of wellbeing, individuals are inquired about life events they encountered in the last N days [41, 56, 73]. Alternatively, life events are
also inquired as a part of other psychological assessments following
a major crisis or a stressful event [32]. These approaches typically
include a checklist of major life events, and individuals respond to
the items that best relate to them and describe them with significance and valence of the effect on them [41]. While these methods
are efficacious, reliable, and validated, these assessments are largely
conducted after the respondents are displaced in space and time
from the event occurrences [108]. This may lead to retrospective
recall and hindsight bias; individuals are more likely to report experiences that seem personally more relevant, occurred more recently,
stand out as significant or unusual, or those more consistent with
current mood states [154]. Further, recollecting stressful events
from the past can cause a respondent to undergo similar trauma
associated with the event, and conducting these delicate surveys
can be hard in sensitive circumstances [139].
Consequently, research has encouraged in-the-present forms of
data recording, such as experience sampling and journaling [157,
158]. These approaches can not only capture short-term, yet valuable dynamics, but can also elicit positive effects on the individual
for being expressive about life experiences [69]. In recent times, social media is considered to be a similar form of in-the-present data
where individuals feel an intrinsic motivation to record, archive,
and share life experiences in naturalistic settings [23, 66]. However,
recording life events on social media is compounded by factors such
as social desirability, self-presentation, and privacy [96]. It remains
relatively unknown, who would be comfortable to record what
kinds of life events on social media — the key question explored in
this work. We examine how individual-centric and event-centric
attributes explain social media disclosures of life events.

2.2

Self-disclosure and Public Audience

Jourard defined self-disclosure as “the act of revealing personal
information to others” [79]. Self-disclosures about experiences and
thoughts comprise a substantial part (approximately 30-40%) of
what people share with others [45, 90]. Tamir and Mitchell showed
that self-disclosures tend to tie to intrinsic values for individuals
and therefore, are rewarding [147]. However, sharing about oneself
comes with risks such as vulnerability, lower control, and losing
privacy [4, 13, 120]. Omarzu noted that breadth, duration, and depth
of self-disclosure are functions of subjective utility and risks for
a self-disclosing individual [112]. At a neurophysiological level,
a recent study shows that the degree of self-disclosureassociates
with intrinsic functional connectivity of certain brain regions [101].
According to Goffman’s self-presentation theory, people desire to
control the impressions they give to others and therefore manage
the impressions through social performance [54, 87]. Goffman used
the notions of “frontstage” and “backstage” — frontstage refers to
the appearance we put on for the public and backstage refers to
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the personal space where people do the necessary work to give the
desired impressions on the front stage [54].
Compared to face-to-face interactions, online self-disclosures
tend to make up for an even larger fraction of what people share
with others in computer mediated communication (CMC) such as
that on social media [77, 106]. Here, people can have more control
on presenting themselves [46, 87]. These platforms can act as a space
where people manage impressions and showcase their “best self”
and therefore use it as a front stage in Goffman’s terminology [71,
100, 114, 155]. Social media can also act as a back stage because
they are access controlled [71]. It is a space where people get to see
certain sides of others that they would not get to see in the physical
world [71, 105, 128]. Building on Goffman’s theory, Hogan argued
that social media disclosures have properties of an “exhibition”
rather than a “performance” — what people share on these media
is seen as artifacts which are archived in databases (storehouses)
and are shown to the friends and followers (audience) based on the
algorithms and the means that the platform provides for presenting
the data (curator) [71].
Major motivations of “public self-disclosure” on social media correspond to the opportunities to self-broadcast and to build personal
connections with others [13]. Kim et al. examined the motivations
of posting selfies on social media by adopting the theory of planned
behavior [3], finding that attitude towards selfie-posting, subjective norms, perceived behavioral control, and narcissism are key
factors contributing to the act of selfie posting [87]. Prior work also
studied who discloses what on social media based on individual
differences [72, 88, 141]. Sheldon compared self-disclosure for males
and females with different types of friendships, finding that selfdisclosure to recently added Friends is higher for males, whereas
self-disclosure to exclusively Facebook friends and exclusively faceto-face friends is higher for females [141]. Another study found that,
females express more positive emotions on Twitter than males [88].
Other individual differences such as age and personality traits have
also been noted to explain self-disclosure on social media [72, 150].
Similar to the physical world, online self-presentation is influenced by the audience [14, 96]. The public facing nature of social
media platforms can increase an individual’s accountability and
reduce deception in online spaces [44, 62, 124]. Prior work revealed
that social media facilitates candid self-disclosure [37, 125], and
unique affordances such as anonymity, throwaway accounts, and
selective audiences enhance self-disclosure of life events and experiences [8, 9, 159]. Research also noted the positive benefits of online
self-disclosure [8, 37, 78, 148], such as in decreasing loneliness [148]
and increasing life satisfaction [150]. In online communities, individuals feel a sense of belonging, and seek solidarity during stressful
circumstances [95, 130]. Relatedly, Ernala et al. adopted the Social
Penetration Theory to operationalize intimacy in self-disclosure
and studied the therapeutic benefits of stigmatized self-disclosure
on Twitter [48]. Together, prior work motivates us in studying selfdisclosure of life events on social media, particularly to compare
and contrast disclosure to an online (semi-) public audience versus
self-reports in an offline private audience.
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2.3

Disclosure of Life Events on Social Media

As part of self-disclosure on social media, people share their life
events on these platforms. Prior work has looked at major life
events, transitions, and important markers for individuals [7, 36,
38, 64, 66, 131]. De Choudhury et al. examined social media behavior changes around a major life event, particularly postpartum
changes in behavior and mood of new mothers along the dimensions of social engagement, emotion, social network, and linguistic
style [35]. Social media has also enabled disclosures of sensitive
and stigmatized life events, such as gender transitions [66, 67]
and pregnancy loss [7]. Burke and Kraut studied how individuals
interact with strong and weak ties of friendships on Facebook following a loss of job [23]. Andalibi and Forte proposed a decision
framework to understand six types of decision factors related to
disclosing pregnancy loss on social media: self-related, audiencerelated, societal, platform and affordance-related, network-level,
and temporal [7]. Andalibi followed this up with the complementary question of examining the factors that lead to non-disclosures
of pregnancy-loss on Facebook [6].
Relatedly, Massimi and Baecker studied how family members
use technologies to remember their loved ones [97]. Prior research
has also studied how individuals disclose about death of close
ones [20, 52]. Other longitudinal studies have examined behavioral
changes with respect to exogenous or endogenous, anticipated or
unanticipated events, e.g., antidepressant use [133], alcohol and
substance use [86, 93], and diagnosis with health conditions [49, 63].
Bevan et al. studied the difference in sharing different types of positive and negative life events in directness on Facebook [15]. Our
work extends this body of work by providing a deeper understanding of what life events people choose to disclose (or not disclose),
adopting a comprehensive list of various life events.
In parallel, researchers have conducted computational studies to
extract and analyze life event disclosures on social media [40, 91,
167], and a recent work analyzed leakage of privacy in life event
disclosures on Twitter [82]. A major challenge in these studies has
been that life event disclosures only constitute a small fraction
of all kinds of social media posts. Together, we note that a majority of studies have either adopted broad definitions of life events
for automatic identification or have focused on very specific life
events [25, 28, 85]. Our work aims to bridge this gap by adopting a
theoretical lens to investigate life event disclosures on social media,
and by contributing a comprehensive and fine-grained codebook
to identify life events on social media.
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weekly lottery drawings (multiples of $250 drawings) depending
on their employer restrictions.
Privacy and Ethics. The Tesserae project was approved by the
Institutional Review Board at the researchers’ institutions. Given
the sensitivity of the data, participant privacy was a key concern.
The participants were provided with informed-consent documents
describing the specifics of what data they were providing, and
how would that be stored. The participants needed to consent to
each form of data, and could also clarify concerns and opt out
of any data collection. The data was de-identified and stored in
secured databases and servers which were physically located in the
researcher institutions, and had limited access privileges.

3.1

3.2
3

STUDY AND DATA

This paper uses data from a large-scale longitudinal study called
Tesserae [99]. This study recruited 754 participants who are information workers in cognitively demanding fields in diverse job
positions and roles (e.g., engineers, consultants, and managers) at
various organizations in spread across the U.S. The project broadly
aims to study wellbeing by leveraging multiple modalities of data.
The participants were enrolled between January 2018 and July 2018,
and were requested to remain in the study for either up to a year
or through April 2019. The participants either received a series of
staggered stipends totaling $750 or they participated in a set of

Social Media Data

The Tesserae project asked consented participants to authorize
their social media data, particularly Facebook, unless they opted out,
or did not have an account. The enrollment briefing and consent
process explicitly explained that their study participation did not
necessitate them to use social media in a particular fashion, and
they were expected to continue with their typical social media use.
Participants authorized access to their social media data through an
Open Authentication (OAuth) based data collection infrastructure
developed in Saha et al. [129]. OAuth protocol is an open standard
for access delegation, commonly used as a way for internet users
to log in and grant third party access to their information, without
sharing passwords. The OAuth protocol provides a more privacypreserving and convenient means of data collection at scale, over
secured channels without the transfer of any personal credentials.
Given that Facebook is the most popular social media platform [58]
and its longitudinal nature has enabled social media studies of individual differences [7, 36], it suits our problem setting of understanding life event disclosures on social media. Facebook is also
the most prevalent social media stream in the Tesserae dataset.
Among these, the total 572 participants who provided access to
Facebook data, 242 participants did not make any update during
the year-long study period between January 2018 and April 2019
— the same period when the participants’ self-reported life event
occurrences were also collected. This paper uses a 14, 202 posts
data of the remaining 330 participants to identify life event disclosures in Section 4.1, which was followed by examining factors for
life event disclosures on a subset of 236 participants’ data who also
responded to self-reported survey on life events, explained below.

Self-Reported Survey Data

3.2.1 Start of Participation Period: Data on Individual Differences
and Psychological Traits. The enrollment process consisted of an
initial survey questionnaire related to demographics (age, gender,
education, etc.), and survey questionnaires of self-reported psychological constructs, including: 1) Cognitive Ability, as assessed by
the Shipley scales of Abstraction (fluid intelligence) and vocabulary
(crystallized intelligence) [142], 2) Personality Traits, the big-five
personality traits as assessed by the Big Five Inventory (BFI-2) scale
[143, 151], and 3) Wellbeing, the general positive and negative affect levels as assessed through the Positive And Negative Affect
(PANAS-X) scale [164], the anxiety level as measured via State Trait
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scale [144], and the quality of sleep as measured via the Pittsburg
Sleep Quality Index (PSQI) scale [43]. These scales allow to capture individual differences that may modulate a user’s choice and
preferences about reporting a life event on social media and on survey. Table 1 summarizes the distribution of the self-reported data
within our dataset, where we find a reasonably well distribution in
demographics and psychological traits among our participants.
3.2.2 End of Participation Period: Life Events Survey Data. At the
end of the participation period of the Tesserae study, participants
were optionally asked to fill in a life events survey. We designed
this life events survey drawing on the Psychiatric Epidemiology
Research Interview (PERI) life events scale [41]. Life events were
broadly categorized as School, Personal, Work/Organization, Health,
Financial, Local/Regional, and Other. For each category, the survey
also included example seed events to help the participant understand respective categories. Participants were briefed that they
could refer to their calendars and any relevant personal diaries or
journals while completing the survey, to verify the events and dates.
The survey was designed in such a way that participants could enter
more than one event, and include corresponding attributes about
the events. These attributes include a brief description of the event,
and two 7-item Likert scales of self-identified significance (Lowest to Highest significance) and valence (Extremely Negative to
Extremely Positive) of the life event. In addition, participants entered the start and end date range, status of the event (ongoing or
ended), and a confidence value (7-item Likert scale from Lowest to
Highest Confidence) regarding the occurrence of the event. Table 2
shows the different categories of life events in our survey along
with category hint provided in survey and example self-reported
descriptions from the responses.
Out of the initial total of 754 participants, 423 participants responded to these surveys with 1, 547 entries of life events during
the study participation period (mean = 3.86 events per individual).
Out of these 423 responded participants, 236 provided us the social
media data (above subsection). We examine the data of these 236
participants to understand the deviation of online self-disclosure
of life events from self-reports.

4 METHODS
4.1 Defining and Annotating Life Event
Disclosures on Social Media
Social media facilitates self-disclosures of feelings and experiences
from day-to-day lives [8, 48]. From a standpoint of life event disclosures, social media posts are unstructured forms of textual expressions, and this data lacks “ground-truth” labels regarding what
constitutes a life event disclosure and what does not. So we first
aim to systematically identify online self-disclosures of life events
from social media data with respect to a theoretical grounding of
life event occurrences. We adopt a qualitative coding approach to
iteratively define and annotate life event expressions on social media. We primarily build on and adapt the list of categories from the
PERI life event scale [41] in the context of social media data. Our
theory-driven coding enables us to formally define a social media
post to contain a life event disclosure if the post describes an event
which is directly or indirectly associated with the individual or their

CHI ’21, May 8–13, 2021, Yokohama, Japan

close ones, such that it potentially leaves a psychological, physiological, or behavioral impact, or be significant enough to be remembered
after a period. This section first explains our annotation approach,
followed by our examinations to study the deviation of life event
disclosures on social media as compared to self-reported surveys.
While the PERI life events scale [42] identified a list of various
life event categories, there is no established means to adopt this on
social media data. Therefore, we applied these categories in a kind of
directed coding approach [74], i.e., when developing the codebook
we also allowed concepts and meanings to emerge from posts in
somewhat of an open coding [146]. Our codebook is particularly
driven towards identifying life event disclosures from social media
language. The Supplementary File provides the detailed codebook
to identify life event disclosures on social media.
We recruited five annotators who are undergraduate students.
Although our Facebook data primarily consists of English posts and
belongs to a participant pool recruited in the U.S., all participants
were demographically and culturally heterogeneous. Therefore, it
is important to note that our annotators (three women and two
men) belonged to diverse cultural backgrounds; in race/ethnicity,
two identified as Caucasian, two as East Asian, and one as South
Asian. During discussions, we found specific occurrences when
annotators were able to identify culturally significant events due to
their cultural backgrounds, which could have been missed by other
annotators. These five annotators first coded a random sample of
140 Facebook posts with the PERI life events scale [42] and the
instruction that they could add new categories if a post was a life
event disclosure and it did not fit any of the existing PERI categories.
The annotators and two authors then discussed the coding one by
one in detail. Together, we made decisions on all posts with coding
discrepancies, and revised our codebook based on agreeable themes.
These included resolving boundary and similar sounding cases
such as identifying a trip versus a vacation. Next, the annotators
separately coded an additional 50 randomly selected posts. For the
total 200 posts, we found a high agreement of 88% between the
annotators and an average Fleiss 𝜅 of 0.71. Two annotators then
independently coded the remaining 14, 002 posts. Because of the
subjectivity in social media data, we adopted a liberal identification
strategy that a post is labeled as a self-disclosure of life event if it
is labeled so by either of the two annotators. We discussed several
explicit and boundary cases to decide general criteria for identifying
life event disclosures, which we elaborate on in Table 3. We note
that the presence of a post within the context of other posts (before
and after it) drove our decision-making towards labeling a post.

4.2

Comparing Life Events Disclosed on Social
Media Versus Reported on Survey

So far, we described our approach to obtain life events disclosed
on social media and self-reported in surveys. Consequently, for the
common set of 236 participants for whom we have both modalities
of data, we obtain 912 life events self-reported on the survey and
1, 669 self-disclosed on social media. To answer our core research
question on what, how, when, and by whom life events are disclosed
on social media compared to self-reported surveys, first, we examine
the distribution of life events in the two modalities of datasets.
Then, we conduct a thematic analysis of the overlapping life event
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Table 1: Descriptive statistics of self-reported demographics and psychological constructs of 236 participants with both social
media and life events survey data.
Covariates

Value Type

Demographic Characteristics
Gender
Categorical
Born in U.S.
Categorical
Age
Continuous
Education Level
Ordinal
Cognitive Ability (Shipley scale)
Fluid (Abstraction)
Continuous
Crystallized (Vocabulary) Continuous
Personality Trait (BFI scale)
Openness
Continuous
Conscientiousness
Continuous
Extraversion
Continuous
Agreeableness
Continuous
Neuroticism
Continuous
Affect and Wellbeing
Pos. Affect
Continuous
Neg. Affect
Continuous
Anxiety
Continuous
Sleep Quality
Continuous

Values / Distribution
Male (𝑛=121) | Female (𝑛=115)
Yes (𝑛=218) | No (𝑛=18)
Range (22:63), Mean = 36.57, Std. = 9.88
5 values [HS., College, Grad. Student, Master’s, Doctoral]
Range (5:24), Mean = 16.93, Std. = 2.94
Range (22:40), Mean = 33.70, Std. = 3.32
Range (2.17:5), Mean = 3.84, Std. = 0.61
Range (1.92:5), Mean = 3.94, Std. = 0.63
Range (1.67:4.92), Mean = 3.42, Std. = 0.68
Range (2.25:5), Mean = 3.95, Std. = 0.55
Range (1:4.58), Mean = 2.44, Std. = 0.78
Range (13:49), Mean = 34.24, Std. = 5.69
Range (10:37), Mean = 16.83, Std. = 4.62
Range (20:67), Mean = 37.83, Std. = 9.33
Range (1:16), Mean = 6.80, Std. = 2.57

logs from the two datasets. Finally, we examine the factors that
explain the overlap and deviation in reportage on either or both
the modalities, for which, we describe the statistical tests in the
following subsection.

4.3

Examining Factors Associated with Life
Events Disclosures and Survey Self-Reports

To examine the factors explaining deviation in recording life events
on the two modalities, we first identify a set of theory-driven covariates that may contribute to an individual’s life event disclosure
(or no disclosure) on either or both the modalities. We then use
these covariates in our statistical tests and models to explain such
life event disclosure.

assessments of personality traits come from the Big-Five inventory along the traits of openness, conscientiousness, extraversion,
agreeableness, and neuroticism [143].
Affect and Wellbeing. Social media use is known to be associated
with people’s trait based measures of affect and wellbeing [162].
We include positive and negative affect traits as assessed by the
PANAS-X scale [164], anxiety trait as assessed by the STAI-Tait
scale [144], and sleep quality as assessed by the PSQI scale [43]. We
note that PSQI scale assesses sleep quality in such a way that lower
values indicate healthier sleep. Therefore, for easier interpretation,
we reverse-scale the values and use “Healthy Sleep Quality” as a
covariate which directly correlates with healthier sleep.

Cognitive Ability. Cognitive ability is known to associate with an
individual’s disclosure and expressiveness [123], which we include
as independent variables in our model. We used the the Shipley
scales of 1) Abstraction measuring fluid cognitive ability and 2) Vocabulary measuring crystallized cognitive ability (Section 3) [142].

Event-centric Attributes. People’s life event disclosures (or nondisclosures) may be driven by event-centric attributes. We describe
the motivation and the operationalization of event-centric attributes
considered in our models below.
Event Recency. Self-reported surveys are known to be biased to
more recent events [10, 53]. However, no such evidence exists about
social media postings, which is more of a self-initiated and in-thepresent recording. To understand such an effect in online life event
disclosure, we include recency of events as an independent variable.
We first choose a reference date as the date of conducting the end
of participation survey. Then, for the survey data, we calculate the
number of days between the reference date and the self-reported
occurrence of event (also collected in the survey: Section 3). For
social media data, we calculate the number of days between the
reference date and the date of posting. For easier interpretation
and standardization, we reverse-scale the number of dates to obtain
recency on a min-max scale of 0 to 1 — such that 1 represents most
recent event whereas 0 represents least recent events.

Personality. Prior work revealed the role of personality in people’s disclosure, including in online settings [72, 138]. We include
personality trait as a covariate in our models where ground-truth

Event Significance. Individuals are known to be more likely to
recall and report events which bear greater degree of significance
in their lives in whatsoever ways [107]. This aligns with survival

4.3.1 Covariates. Given an individual and a life event, our covariates belong to two major kinds — individual centric attributes and
event-centric attributes, which we describe below.
Individual-centric Attributes. Given that an individual’s disclosure is known to be driven by their demographic and intrinsic traits,
we use individuals’ demographic and psychological attributes (as
in Table 1) in our models.
Demographics. Prior studies controlled on several demographic
attributes in studying self-presentation and self-disclosure of individuals [132]. We include demographic variables of gender, age,
born in the U.S., educational level, and income in our models.

Life Events on Social Media
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Table 2: Life Event categories, example hints provided in
survey, and example self-reported description in the postparticipation self-reported survey — survey scale drawn on
the PERI life events scale [41].
Event
Type

Category Hint

Example
SelfReported Description

School

Back to school, Changed
school, Finished school, Issue
at school, etc.
Getting married or divorced,
Having a child, Experiencing
a death of someone close,
Moved residences, Damage of
property, etc.
Changed jobs, Received a promotion, Was fired, Had performance review, Received bonus,
End of quarter or year, Reorganization
Physical illness or injury,
Health treatment, Miscarriage/Stillbirth, Pregnancy
related changes, Started
menopause, Health changes
Went into debt, Took out mortgage, Made a large purchase,
e.g. car or home, Experienced
financial gain or loss
Weather-related changes (blizzard, flood, storm, etc.), Societal changes (political or
economic event, sports event,
mass-shooting, etc.)
Any other events that do not
fall under the above categories

Accepted to business
school

Personal

Work

Health

Financial

Local/
Regional

Other

Was working on an adoption

Given more responsibilities in my job, which
made me realize I don’t
want to work in this job
anymore
Mother diagnosed with
kidney failure and congestive heart failure

Paid off 2 vehicles and refinanced one to pay off
high interest credit cards
Was at a baseball game
where my team advanced
to National League
Championship
-

salience [107], and emotional or informational relevance can drive
the salience in memory [84, 119]. Participants self-reported how
significant they considered each life event they logged — which
we use as an independent variable for event records from surveys.
For events recorded on social media, we adopt the significance
rating per event as per the PERI life events scale [41]. We separately
standardize the significance scores on a min-max scale of 0-1 to
make the significance scores comparable across the modalities, and
then use this scaled score as an independent variable in our models.
Valence. Our independent variables include valence or sentiment
of the event, in terms of being positive or negative. Like above,
valence directly associates with emotional relevance of an event in
the memory [84]. The survey data included people’s self-reported
valence on a Likert scale of extremely positive to extremely negative,
which we group into three bins of positive, neutral, and negative
to minimize subjectivity in our analyses. To score valence of social
media life events, we use the VADER tool [75] to identify the major
sentiment of a post among positive, negative, and neutral, which
we use as the valence for life event entries from social media data.
Anticipation of an Event. Life events include a characteristic on
the basis of anticipation: Compas et al. defined anticipated events
as the events which an individual can either hope or worry about

in the next six months [32]. We adopt a similar definition to label each life event in our dataset with binary labels of anticipated
or unanticipated. Example anticipated events are buying a house,
childbirth/pregnancy related events, whereas example unanticipated events are accidents or getting fired from work.
Intimacy in Disclosure. Prior work studied that intimacy is a core
attribute that might moderate people’s disclosure behavior [5, 49,
94]. Intimacy relates to the degree to which one can comfortably
open up about a particular event at personal, close, trusted others,
and public circles of relationships [49, 54]. While social media disclosures are broadcasted to some form of public or known private
audience, a self-reported survey is likely self-perceived to be much
more private. We draw upon the annotation scheme from Ernala
et al. to code life event descriptions — we annotate both survey
self-reports and online disclosures of life events on a degree of
intimacy Likert scale of Low, Medium, and High1 .
Scope of an Event. The social ecological model posits that an individual’s wellbeing is impacted by different layers of scope ranging
across individual, relationships with close ones, societal, and local
factors [24]. Similarly, the scope of a life event can either be directly
on the individual themselves, or their close ones, or something
more generic [15]. We label each life event in our datasets with
their ecological scope of directness on a three-point Likert scale1
such that 1) Low scope events include generic events such as bad
weather or neighborhood related events, 2) Medium scope events
are associated with someone close and leave an indirect effect on
the individual (e.g., spouse’s pregnancy, child going to school), and
3) High scope events are unique to and direct on the individual, e.g.,
being fired from job themselves.
Temporal Status. We also include temporal status of events in
terms of a binary value of ongoing or ended. This factor takes into
account during-reporting continuity of events. Our survey included
self-reported entries of the status of event, and for social media, we
manually identified the temporal status by going through the life
event disclosure posts1 .
Event Type. As introduced earlier, our datasets (both social media and surveys) group the life events into six broad categories of
School, Health, Personal, Financial, Work, and Local. While the selfreported survey data was already annotated with these categories
by the participants, the social media data life event expressions were
annotated by our annotation approach and codebook1 . We use the
categorical variable of life event type as covariates in our analyses.
Besides, although our data contains labels of finer categories of life
events (e.g., vacation, health loss, bad weather, child birth, etc.), the
number of records per event is plausibly not significant for statistical power, and may lead to inconclusive or misleading results [30]
In addition, theoretically an individual only experiences a limited
number of life events per year [55, 98], so it would be impractical to
include all possible life events without a significantly larger sample
size than what we have. We validate this hypothesis by conducting
a 𝜒 2 -square test, which reveals 𝜒 2 = NaN and p = NA, suggesting
not enough observations per finer categories of life event.

1 The

Supplementary Material provides our detailed codebook, and the codebooks to
annotate intimacy, scope, and status.
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Table 3: Brief Description of Strategies and Considerations for Identifying Life Event Disclosures on Social Media.
What constitutes a life event disclosure?
Present events with potentially significant impact in the future.
We coded posts as life events disclosing an event in the present which is significant enough that the individual would be able to recall it in a few years, or if the event in
disclosure could potentially leave a significant emotional impact in the future. For example, “Horrible day for travel. Two canceled flights and 2 delays. Sharing the sights from
this week while I wait to get home.”
Past events with significant emotional impact in the present.
We also found self-disclosures about events from the past. Recalling these events conveys the significance of the event in the individual’s life and leaves emotional impact.
Therefore, for events that occurred a while ago, if they have a big enough emotional impact even in the present, these posts would be identified as a life event, e.g., recollecting
the death of someone close often results in grief in the present [118], such as, “When you are looking for one child’s birth certificate and you find the other’s with her death
certificate.. 33 days and you would be 16..”
Using the post wording.
Wherever applicable, in cases of close tie in assigning a post with a life event category, we prioritized the wording in the post. We considered that the individual’s self-description
of an event is less biased and closer to self-perceived life event type. For example, when deciding between trip and vacation, if the post explicitly used either of the two words,
we assigned the same life event category. For example, we assigned trip for “For my recent business trip I flew Delta. I’m giving them 4 stars. They have on-demand in-flight
movies and I got to watch Black Panther.”
Underlying reason of an event.
As above, when multiple categories could fit a post, we prioritized the one that seemed to be the underlying cause. Sometimes, other posts around the same date provided more
context to make these decisions. For example, in the following post, although both vacation and positive relationship could be appropriate, positive relationship (anniversary)
was the more underlying cause (also consistent with the individual’s other posts around the same date), “What a beautiful weekend celebrating our 10th Anniversary! So thankful
for getting away to enjoy time together as husband and wife <3.”
Disclosing multiple life events.
Some posts may disclose multiple life events, some of which may also be continuous or ongoing events. For example, an ongoing vacation may include a birthday party, or a
post about wedding planning may also talk about other investments, e.g., “Going to start selling a small selection of simple car [..] Trying to make some money on the side for
wedding and honeymoon, and my medications. Also gotta pay this damn hospital bill now.”
Continuous Life Events
Life events disclosures on social media may not necessarily be about discrete or one-off events, but could also be a continuous process. The availability of longitudinal data
also enabled us to identify events lasting for a time period, e.g., start, during, and end of a vacation. Continuous events can consist of 1) a series of posts which together build
a continuous event, 2) other posts providing context about a seemingly vague post at hand, and 3) a single post describing a continuous event. These are not necessarily
exclusive and can co-occur. For example, a post describing a “view” or a “beautiful city” may seem vague, however, posts around the same date provided context that these are
during-vacation activities. Again, a continuous life event can include related or unrelated life events within that period.
Additional Life Events Categories
As noted before, while annotating social media life event disclosures, we also included some form of open coding in our approach. This allowed us to include new categories,
which might not directly be present in the PERI scale. For example, we added a new category of Voted for a post, “I voted”.
What does not constitute a life event disclosure?
Vague Post.
Exclude if the posts is too vague to make a deduction of a life event, e.g., “Waited for this FOR FOREVER‼‼‼‼!.”
Joke or Entertainment Media related.
We found cases where a post did mention a life event, or keywords related to life events, but there were explicit expressions of these to be a joke, or a description about an
event in a movie, TV show, video game etc, for example, “The end... he died lol!”
Past events, but no significant emotional impact in the present.
We found posts that described events or self-experiences from the past, but the person does not seem to be significantly affected in the present. An example post excluded
based on this criteria includes, “The meals, and especially the Blue Mountain coffee, were the best in Jamaica.”
General shares or global events.
Posts that consisted third-person or generic information (without any personal reference) based sharing were excluded to be considered as life events. For instance, an
example post on political topic that was excluded, “Retweeted University Department:. In four years as a student at University, Name had seven internships.[..] The experiences
helped her decide what she wants in a career [..]”

Baseline Attributes. Social media and self-reported surveys are
fundamentally two different data modalities, and it is important to
control our models on an individual’s baseline behavior on these
modalities. Essentially, for each individual, we compute four baseline attributes — social media baseline attributes include, 1) total
number of posts and 2) average length of post per individual, and
survey baseline attributes include, 3) total number of responses
and 4) average significance self-reported in each response. These
baseline attributes go in as covariates in our models.

4.3.2 Tests and Models. We now explain our statistical models. We
first obtain a union of all the life events recorded on social media
and on survey as our total dataset (DT ). Then, we conduct a One-way
Multivariate Analysis of Variance (MANOVA) tests on the combination
of dependent variables of social media self-disclosure and survey
self-report to the set of theory-driven covariates explained above.
A statistical significance in MANOVA would reveal the importance of
each covariate in explaining life event reportage on either or both
of social media and surveys.

Next, to understand the direction of the factors in their associate
with life event disclosure, we conduct two kinds of analyses drawn
on nested logistic regression models — one on DT and the other on
a subset, DS consisting of events recorded in one of the two modalities. This would allow us to examine the intricacies of each factor
and their signed (positive or negative) importance in explaining
reportage. We describe the two analyses below:
• Convergence: The first analysis studies whether a life event is
likely to be recorded in both social media and survey modalities. On DT , we build a binary logistic regression model that
uses dependent variable as a binarized value based on the
occurrence on both modalities, i.e., if the event is logged on
both modalities, it is labeled as 1, otherwise 0. This model is
referred to as Model1 .
• Divergence: The second analysis is conducted on DS , among
life event records which are not recorded on both the modalities — what is the likelihood of it to be self-disclosed on
social media versus self-reported on survey. This logistic
regression model uses as dependent variable the binarized
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value based on the occurrence on either of the modalities.
That is, given an individual’s life event log which does not
occur at both modalities, it is labeled as 1 when self-disclosed
online, and labeled as 0 when self-reported on survey. We
refer this model as Model2 .

5 RESULTS
5.1 Distributions of Life Events
We present the distribution of life events reportage on both modalities by number of individuals in Figure 1a and Figure 1b. First, we
note the heavy skew at 𝑥=0 for social media disclosures, which
does not exist for survey self-reports — a key difference in the characteristic of the two data modalities. Out of the 14, 359 Facebook
posts, only 14% (2, 031) express life events as per our annotation.
In contrast, the survey is a dedicated effort directly asking the participants to log life events, so, 100% of its responses correspond to
some form of self-perceived notion of life event per individual.
Next, Figure 1c shows the category-wise distribution of life
events in the two modalities. Both the datasets show a prevalence
of Personal life events — 39.5% among all survey responses, and a
high 70.4% among all online disclosures. Interestingly, Work, which
is significantly logged in survey self-reports (32.5%), appears low
on social media (5.7%). Health events are recorded comparably on
both surveys (9.5%) and on social media (8.3%).
Table 4 presents the top life events recorded on the two modalities. We find vacation scores the highest on both. In fact, vacations
and trips occur more commonly across individuals as opposed to the
rarity and uniqueness of other events. Our data suggests that Facebook’s design and perceived use-case may facilitate individuals to
post prevalently about vacation and trip events. Again, these events
are often recorded on calendars, which may guide individuals to
report these events in the post-participation life events survey.
Table 4 also explains the significant occurrence of other categories in the self-reported survey data including, Work-related
performance review, promotions, heavy work, and job switches, none
of which are disclosed significantly on social media. Rather, the
only Work categories frequently disclosed online are good worklife
and work success — both of which bear a positivity in valence. This
may indicate that people are not comfortable about sharing workrelated negativity on social media due to concerns of employer
surveillance [51]. Another interesting contrast includes that health
loss appears as a top event self-reported in surveys, whereas health
gain occurs in those disclosed online. These observations suggest
an inclination towards disclosing positive events on social media,
which may associate with perceived self-presentation and social
desirability of individuals on a public platform (social media) [71].
We note the difference in labeling life events in the two modalities
(self-perceived vs. inferred). This distinction may indirectly explain
our observation that our annotation scheme identified increased
social activities (e.g., celebrations, gatherings) as “life events”, which
might not be self-perceived the same way to be recalled during a
survey that happened after a period of time. In contrast, death in
family and child birth commonly occur in the top life events on
both modalities. These events are known to bear both short-term
as well as long-term effect on one individual’s life [42].
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5.2

Language of Life Event Disclosures

We are now interested to understand how individuals describe
life event occurrences on their Facebook timelines. We investigate
relationships between social media posts that were temporally similar to life events self-reported on surveys. In particular, for each
individual, we look for events that were overlapping on the two
modalities or occurred less than 7 days from each other. We aim to
qualitatively determine what relationship, if any, there is between
the reportage of life events on these modalities. After identifying
pairs of potentially overlapping events from each modality, we
compare and code the similarities and differences in linguistic descriptions of the events from the two modalities. Then, based on
our codes, we conduct a thematic analysis to gradually coalesce
the codes into themes of associating online disclosures and survey
reported life event descriptions. We list some notable themes from
our observations below.
Emotional and Expressive Content. Social media posts are more
likely to bear an emotional tone about events. We find several
occurrences for events such as adoption of pet and child birth,
“Name was born today. She was 8lbs 5oz and 21 inches long. We love her
so much and are very thankful that she is happy and healthy! Thanks
for all of the prayers!!”. Similarly, social media posts also contain
greater and richer detail about the event, for example, someone
whose self-report survey entry only recorded a vacation, had posted
on their social media about their vacation and positive relationship
event, “Best date night with my husband! Love you to the moon and
back dear husband #wefishtogether.”
Co-occurring and Related Events. Sometimes the social media
post can reflect a co-occurring and related event in someone’s life.
For example, an individual who self-reported on the survey to be on
a vacation on certain dates, posted about a family meetup during
those dates, “Had the joy and privilege of seeing my niece dance in
the ballet Sleeping Beauty today...also got to spend time with some
people dear to my heart.”, here vacation and family meetup co-occur.
Another individual, who changed jobs, posted about their move to
a new city, “Just rolled into California. Quite some driving but an
easy roll into SF tomorrow.”
Followup or Cause-Effect Related Events. We observe instances
where one life event may have triggered or caused a separate life
event about which the individual posted on social media. For example, an individual who reported to be assaulted on a particular day,
followed up with a Facebook post on “I’m moving.” We also observe
the opposite instance when an individual who self-reported about a
bereavement leave at workplace on survey, had self-disclosed about
the death of a family member a day prior to the reported date, “This
guy will be missed. Wish we had more time together [..].”
Co-occurring but Likely Unrelated Events. Interestingly, we
also observe instances of events that co-occur but are likely unrelated to each other. For example, an individual who self-reported
on the survey having trouble with their boss at workplace, selfdisclosed about their pet on social media, “Help me find my foster
pup a forever home! He is the sweetest and needs a great home asap
[..]” Again, another individual who self-reported on the survey
about the death of a pet, had posted about a family reunion during
the same time on social media, “A family reunion time.”
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Figure 1: Distribution of data by life events (a) in self-reported survey data, (b) in social media data, (c) per category (percentage
values are on all the life events reported within each dataset).
Table 4: Top life event recorded in survey self-reports and social media self-disclosures.
Survey Self-reports
Life Event
Type
Count
Vacation
Personal
182
117
Performance Review Work
Bad Weather
Local
88
Health Loss
Health
88
53
Promoted
Work
Positive Job Switch Work
45
Heavy Work
Work
44
44
Got Bonus
Work
Neutral Job Switch Work
42
Trip
Personal
40
Installment Purchase Financial
36
33
Child Birth
Personal
Death in Family
Personal
28
Positive Move
Personal
28
Financial Gain/Loss Financial 27

Social Media Self-disclosures
Life Event
Type
Count
Vacation
Personal
227
Trip
Personal
Increased Social Activity Personal
142
Family Meetups
Personal
106
85
Positive Relationship
Personal
Health Gain
Health
69
New Hobby
Personal
67
56
Positive Move
Personal
Death in Family
Personal
45
Back to School
School
42
Work Success
Work
40
34
Remodeled Home
Personal
Good Worklife
Work
34
Injury
Health
34
Child Birth
Health
29

485

Negative Stands Out in Recall. We find instances where a negative event within a span of events outweighs the rest, and it is
the only event reported in the survey (which happens later). In
contrast, the social media data archives events from the past but
were presumably recorded in-the-present. For example, in one instance, an individual posted about their ongoing vacation on social
media, however, in the survey they only logged about a breakup
on those dates. On another instance, an individual’s social media
data revealed them enjoying a vacation with friends, however they
only self-reported a car-crash that might have happened then.

data distribution [111]. Table 5 summarizes the MANOVA statistics,
where the F-statistic quantifies the association of the covariate with
the dependent variables, and larger values indicate greater statistical importance. We next compare the 𝐹 -statistic and significance
across the covariates. Among the individual attributes, agreeableness (F=106.63) shows the greatest association, closely followed
by gender (F=100.34). Among event attributes, status (F=988.62)
and significance (F=592.16) show the greatest association, followed
by anticipation (F=120.23) and valence (F= 85.43). The statistical
significance shown by all variables (except anxiety) empirically
validates our choice of the theory-driven variables we consider.

5.3

5.3.2 Convergence: Reportage of Events on Both Social Media and
Survey. Model1 examines the factors associated with life events
reportage on both of against on one of the modalities (ref: Table 6).
Model1 shows a McFadden’s pseudo R2 =0.18, 𝜒 2 (34)=408.98 and
p < 0.001, suggesting that the model is significantly better than an
empty model. For a covariate 𝑥 showing a standardized coefficient
estimate of 𝑒 with statistical significance, we interpret that a change

Factors Explaining Life Event Reportage

5.3.1 Importance of Covariates in Reportage. First, we examine the
importance of our considered individual-centric and event-centric
covariates in understanding people’s disclosure of life events. For
this, we conduct MANOVA tests as described in the previous section,
with respect to the Pillai–Bartlett trace, which is considered to
be robust and not strongly linked to normality assumptions the
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Table 5: Multi-variate Analysis of Variance (MANOVA) results, * 𝑝<0.05, ** 𝑝<0.01, *** 𝑝<0.001.
Demographic/Trait

Pillai

F

p

Event Attribute

Pillai

F

Age
Gender
Born in US
Education
Shipley: Abstraction
Shipley: Vocabulary
Personality: Openness
Personality: Conscientiousness
Personality: Extraversion
Personality: Agreeableness

0.036
0.072
0.004
0.051
0.057
0.033
0.002
0.022
0.003
0.077

47.01
100.34
4.87
16.73
76.61
42.97
2.56
28.21
4.21
106.63

***
***
**
***
***
***
*
***
*
***

Valence
Significance
Recency
Anticipation
Intimacy
Scope
Status
Type

0.063
0.317
0.044
0.086
0.002
0.005
0.516
0.183

85.43
592.16
59.81
120.23
3.11
1.67
988.62
51.31

Personality: Neuroticism
Positive Affect
Negative Affect
STAI: Anxiety
PSQI: Healthy Sleep Quality

0.030
0.003
0.005
0.001
0.011

Baseline Attribute

Pillai

F

39.64
3.73
7.03
1.56
14.45

***
*
***

SM: Num. Posts
SM: Avg. Post Length
SR: Num. Records
SR: Avg. Significance

0.088
0.003
0.108
0.019

121.00
4.04
152.10
25.47

in one unit of standard deviation likely results in 𝑒 standard deviation change in the log odds of the dependent variable. In the case
of Model1 , a positive coefficient indicates a propensity to reporting
a life event on both modalities, and a negative coefficient indicates
a propensity to report on one of the modalities.
Among demographics, we find that the likelihood to report on
both modalities lowers as age increases. Similarly, males are less
likely to report on both. This aligns with prior work [11] that males
tend to self-disclose lesser than females on certain personal life
events. Among traits, crystallized cognitive ability shows a significant positive coefficient. This is plausibly related to the notion
that greater cognitive ability is known to drive the ability to distinguish positivity and negativity of situations to accordingly structure emotional expressiveness [127]. In personality traits, conscientiousness and agreeableness are significant, each showing opposite association — conscientiousness negatively associates whereas
agreeableness positively associates with the likelihood to report
on both modalities. Conscientiousness characterizes one’s thoroughness [143] — a significance may be associated with individuals
being methodical in delineating what they want to disclose on social
media. On the other hand, agreeableness characterizes warmth and
friendliness — an individual scoring high on agreeableness likely
“gets along well” with others [143, 153]. This plausibly relates to
people knowing their online audience better, and experiencing low
inhibition to report on both modalities. Affect and wellbeing traits
show weak relationships, and interestingly positive and negative
affect exhibit opposite directions — higher positive affect explains
lower reportage, whereas higher negative affect explains greater
reportage on both modalities.
Among event attributes, we find event significance bears a strong
negative coefficient (e=−0.33) indicating that significant events are
less likely to be reported on both modalities. Anticipated events
are likely to be reported on both (e=0.16); these events bear some
form of planning or apriori awareness (e.g., child birth), and people
may not only disclose them online, but also recall and report them
in retrospective survey. In contrast, unanticipated events plausibly
relate to emergency circumstances, and people may deprioritize an
immediate online disclosure. These could also be short-term events

p
***
***
***
***
*
*
***
***
p
***
*
***
***

**

(e.g., a positive relationship act) which may be disclosed on social
media in-the-present, but may not remain in one’s long-term memory to be self-reported in a survey which happened after a while.
Among event types, Health and School events have propensity to
be recorded on both social media and surveys, whereas, Work and
Financial events are unlikely to be recorded on both modalities.
Finally, we also note the statistical significance of controlling
for baseline behavior of individuals. Recording on both modalities
shows a positive association with individuals who typically have
more social media posts, more survey records, and whose baseline
average significance of self-reported life events on survey is higher.
However, average length of social media posts shows no statistical
significance with respect to recording behavior.
5.3.3 Divergence: Reportage of Events on Social Media Versus on Survey. Model2 examines the factors that associate with reporting life
events on either of the two modalities (ref: Table 7). Model2 shows
a McFadden’s pseudo R2 =0.77, 𝜒 2 (34)=1785.83 with p<0.001, i.e.,
the model is significantly better than an empty model. Here positive coefficients suggest a propensity to record online, and negative
suggests a propensity to report on survey (and not online).
Among individual-centric attributes, males (e=−0.38) show a
lower likelihood to self-disclose online. This observation somewhat
supports prior work that found men to show lower online selfdisclosure than women [141]. We notice a strong association with
agreeableness (e=0.73) — indicating that individuals with greater
agreeableness have a likelihood to self-disclose life events on social
media. Similarly, extraversion shows a positive coefficient (e=0.13).
Extraversion characterizes one’s outgoing, talkative, and energetic
behavior [153], and this trait is known to associate with greater expressiveness and disclosure [113, 126]. We also see a weak negative
significance for negative affect (e=−0.05), indicating that individuals scoring high on negative affect are less likely to disclose on
social media, which could be associated with privacy and audience
perceptions as noted in prior work [34, 96].
Among event-centric attributes, we find that valence (e=0.45)
and anticipation (e=0.45) bear positive coefficients. This suggests
that individuals tend to mostly disclose events on social media
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Table 6: Model1 (Convergence): Coefficients of linear regression of relevant covariates as independent variables and reporting
on both modalities as dependent variable, * 𝑝<0.05, ** 𝑝<0.01, *** 𝑝<0.001. Bar length is proportional to the magnitude of
coefficient; for significant rows, orange bars (positive coefficients) indicate a propensity to record on both social media and
survey, whereas teal bars (negative coefficients) bars indicate a propensity to record on one of the modalities.
Demographic/Trait
Age
Gender: Male
Born in US: Yes
Education: H. School
Education: College
Education: Grad School
Education: Doctoral
Shipley: Abstraction
Shipley: Vocabulary
Personality: Openness
Personality: Conscientiousness
Personality: Extraversion
Personality: Agreeableness
Personality: Neuroticism

Std. Coeff.
−0.03
−0.41
0.41
1.57
1.33
1.78
1.31
−0.03
0.05
−0.24
−0.25
0.04
0.49
0.06

p

Event Attribute

**
***

Valence: Positive
Significance
Recency
Ancptn.: Anticipated
Intimacy
Scope
Status: Ongoing
Type: Health
Type: School
Type: Work
Type: Local
Type: Financial

***
**
**
*
**
*

Std. Coeff.
0.24
−0.33
−0.24
0.16
0.08
−0.51
1.08
0.82
0.54
−0.61
−0.60
−0.49

p
***
*
**
***
**
*
*
**
**

***
Baseline Attribute

Std. Coeff.

p

Positive Affect
−0.04
*
SM: Num. Posts
0.48
***
Negative Affect
0.06
*** SM: Avg. Post Length
0.50
−0.03
*
SR: Num. Records
0.33
**
Stai: Anxiety
PSQI: Healthy Sleep Quality
0.02
SR: Avg. Significance
0.20
**
AIC = 2047.40, Deg. Freedom= 33, Log-likelihood = −988.71, 𝜒 2 = 408.98, McFadden’s Pseudo R2 = 0.18, p < 0.001 ***

Table 7: Model2 (Divergence): Coefficients of linear regression of relevant covariates as independent variables and reporting on
either modality (1 for online/social media and 0 for survey) as dependent variable, * 𝑝<0.05, ** 𝑝<0.01, *** 𝑝<0.001. Bar length
is proportional to the magnitude of coefficient; for significant rows, blue bars (positive coefficient) indicate a propensity to
record only on social media, whereas red bars (negative coefficient) indicate a propensity to record only on survey.
Demographic/Trait
Age
Gender: Male
Born in US: Yes
Education: H. School
Education: College
Education: Grad School
Education: Doctoral
Shipley: Abstraction
Shipley: Vocabulary
Personality: Openness
Personality: Conscientiousness
Personality: Extraversion
Personality: Agreeableness
Personality: Neuroticism

Std. Coeff.
0.04
−0.38
−0.75
0.43
0.43
0.47
0.48
−0.12
−0.05
0.18
−0.04
0.13
0.73
−0.11

p

Event Attribute

***
*

Valence: Positive
Significance
Recency
Anticipated
Intimacy
Scope
Status: Ongoing
Type: Health
Type: School
Type: Work
Type: Local
Type: Financial

*
***
*

*
***

Baseline Attribute

Std. Coeff.

p

0.45
−1.40
−3.56
0.45
−0.75
−0.93
3.62

***
***
***
*
**
***
***

−0.98
0.18
−1.18
−1.11
−2.90
Std. Coeff.

***
*
***
p

Positive Affect
0.03
SM: Num. Posts
0.90
***
Negative Affect
−0.05
*
SM: Avg. Posts Length
−1.59
Stai: Anxiety
0.04
SR: Num. Records
0.49
***
PSQI: Healthy Sleep Quality
−0.04
SR: Avg. Significance
−1.57
***
AIC = 628.26, Deg. Freedom= 34, Log-likelihood = −279.13, 𝜒 2 = 1785.83, McFadden’s Pseudo R2 = 0.77, p < 0.001 ***

that are positive and/or that are anticipated. On the other hand,
both significance (e=−1.40) and recency (e=−2.90) bear strong
negative coefficients. This supports prior research regarding the bias
of self-reported surveys due to retrospective recall and significance
of events [154]. Also, intimacy (e=-0.75) and scope (e=-1.03) bear
negative coefficients, likely related to the public-facing nature of

social media and people’s self-presentation. Unsurprisingly, social
media disclosures are also more skewed towards ongoing events
because they enable in-the-present sharing, unlike surveys that
elicit retrospective recollection.

Life Events on Social Media

Among life event types, Financial, Work, and Local events bear
low likelihood to be disclosed online. People may not be comfortable about sharing their financial gain or loss events publicly on
social media, or they may not share work-related events, especially
if they have concerns around context collapse [96]. In contrast,
School events may not be deemed that private, and people may be
comfortable sharing about school-related success and milestones.
Finally, among baseline attributes, number of social media posts
positively associates with life event disclosures on social media.
Again, number of survey records also positively associates with
social media disclosure. However, individuals who reported higher
significance of events on average tend to post lower on social media — this could relate with people’s baseline perceptions of event
significance and social media disclosures.

6 DISCUSSION
6.1 Theoretical Underpinnings & Implications
We sought to examine how/when people tend to disclose life events
on social media, and the attributes of individuals who choose to
disclose versus not. This section first discusses the theoretical underpinnings of our work, drawing on a host of theories and conceptualizations in social computing and HCI. To situate the validity of
the disparities between disclosure and non-disclosure, we compared
and contrasted social media disclosures with survey self-reports
of life events — the latter being the gold standard in capturing life
events. Accordingly, we also discuss how some of these differences
are rooted in the differences in the two modalities in their context
of use and available affordances.
6.1.1 The Role of Audience and Norms. Social desirability is a
known bias in surveys and in face-to-face offline settings [60]. Our
work reinforces prior evidence that this factor could potentially
modulate social media disclosures as well [104]. We found instances
when individuals were comfortable to disclose positive or anticipated events on social media that were not remembered during the
survey. This may indicate a varied set of self-presentation goals
propelled by the positivity bias in normative Facebook use [22], or
a desire for selective “performance” as per Goffman’s “frontstage/
backstage” metaphor for impression management and social roles
enactment [54], or for exhibitionism [71], or for receiving instant
or short-term social approval and gratification [165].
These disclosures may also stem from a need to maintain and
bridge social capital around transitory or minor happenings in one’s
life, where sharing certain milestones, such an imminent wedding,
or leaving/starting a job has become customary — a recent survey
found that people “prefer sharing life’s milestones with their social
network than in person” [18]. In fact, sharing life milestones on
social media may not only revive dormant social connections, and
simultaneously elicit responses or communication from an individual’s passive or weak ties [145], but also enhance the emotional
tone and impact of the event [27]. Finally, positive and anticipated
life event disclosures may also be attributed to the “desire to use
online social media as a way for archiving life experiences and
reflecting on identities,” especially if the events are associated with
liminality [57]. Taken together, our findings shine a light on how
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the underlying norms of a social media platform, as well as its relationship to social desirability and impression management, may
impact the semantics of a life event from an individual’s perspective,
and the decision surrounding its online disclosure.
Complementarily, as societal norms motivate people to behave
in particular ways [135], a social media platform’s norms may encourage certain disclosures as well as impose certain expectations
that discourage people from sharing specific life events. Drawing
on the literature on social comparison in social media [22, 117], people may not disclose very sensitive events such as an extra-marital
relationship, a family conflict, or pregnancy loss for fear of social disenfranchisement, stigma, or shame, [6]. In fact, our study found that
individuals withheld disclosing work-related and finance-related
events on social media despite their occurrences per self-reports on
the survey. Building upon the Disclosure-Decision Making framework proposed by Andalibi [6], we conjecture these decisions may
be driven by people’s specific imagined or actual audiences [96]
including their mental representations [109], wherein, due to concerns of context collapse [96], conflicting social spheres [16], surveillance [51], or the (semi-) public nature of the platforms [71], certain
life events may be deemed less appropriate or share-worthy compared to others. Moreover, we found a lower likelihood of disclosing
particularly intimate events or events too personal in their scope on
social media. The design of the Facebook platform may in itself be a
key factor driving self-regulatory decisions of non-disclosures [39].
Facebook particularly does not enable anonymity, a factor known
to be facilitating intimate content sharing [94]. With an emphasis on “integrity and authenticity” as a community standard on
the platform2 , other known disclosure risk mitigation strategies
such as switching communication channels [61], using multiple accounts [161], or sharing incorrect information [81], may not apply
for life event disclosures on Facebook.
Summarily, we draw upon Newman et al.’s [109] observations
about sharing sensitive information on Facebook, that people carefully navigate the tension between sharing vulnerability, needs, and
health status information and the desire to convey positive images
of themselves. We note an apparent dichotomy that the same factors which encourage disclosure on Facebook (e.g., real identity,
online and offline friendship networks, closed/known audience) for
some instances (e.g., wedding) may also likely inhibit disclosure for
some other instances (e.g., family conflict). Our work therefore emphasizes a need to understand the interplay between audience and
norms of a life event reportage in the online context. This can be
studied via the lens of the socio-technical gap [1] to understand the
fundamental discrepancy in facilitation of socio-technical systems
— what individuals disclose online and what they disclose offline,
and how the technical design of the systems may encourage one
set of practices or goals over the other [1].
6.1.2 Contextual and Affordance Differences. Our results showed a
contrast between social media disclosures and survey self-reports,
which elicits a discussion of the respective modalities’ affordances
and context of use. We note that social media is naturalistic and
largely recorded in-the-present unlike the survey which was retrospective and researcher-prompted; social media posting is also
largely based on intrinsic motivation, whereas survey responses are
2 https://www.facebook.com/communitystandards/integrity_authenticity
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driven by extrinsic motivation (e.g., monetary incentive). That said,
both require individuals’ active effort to be recorded. Accordingly,
we derive an interesting relationship with valence, significance and
recency, and the ongoing nature of the life events — event attributes
along which the reportage significantly differed (Table 7).
To start off, as discussed above, audience and impression management norms may make social media platforms to be less predisposed to sharing negative life events. However, why did our
participants feel comfortable sharing negative life events with an
audience of researchers? Compared to the social media audience
that likely consists of strong and weak ties spanning online and
offline interactions, researchers were strangers to the participants
and comprised a smaller and likely perceived to be a more private
audience than social media audience. These factors may have facilitated self-reporting of negative life events, free from concerns of
stigma, social acceptance, or negative self-image.
Second, our findings support prior work that self-reported survey
responses to likely be skewed to significant and recent events — significance and recency may cause disparities in emotional content, or
salience, as these factors can change over time, especially after long
time frames; emotional arousal may decay over time [33]. Extant
literature lacks similar knowledge about online life events disclosures. Our work contributes to this knowledge that significance
and recency negatively associate with social media disclosures. The
immediacy of active attention needed for a significant event may
explain the lower likelihood of online posting. For instance, during
a health emergency, an individual may not actively record a social
media post, as the situation may demand attention to other more
immediate, important needs. Again, in specific circumstances, significance of an event could be hard to understand in-the-present
but may be realized only after a period of time [42], e.g., a dinner
outing with a friend that becomes memorable after the friend’s
sudden, unexpected demise. Evolving significance can also lead
to a different impression in memory, such as a case in our study
when an individual posted about a vacation (with their significant
other) on social media, but only self-reported about a breakup in
the survey. Presumably, when the vacation began and was shared
on social media, it initiated positive feelings, but after it ended with
a breakup, the negative event stuck in the individual’s memory.
Third, ongoing events are more likely to be shared on social
media versus a survey, and that might relate to the social affordances
of social media such as private messaging or an ability to write on
someone’s timeline; e.g., an individual in the process of moving
between two places may feel like they can gather help, support,
and advice relating to the move, as the event unfolds in real-time.
These social affordances were absent in the survey conducted in
our study, since the audience constituted the researchers, and the
participants were recounting about life events from the past.
Ultimately, both in-the-present and retrospective perception of
an event may depend on an individual’s coping process [41, 163].
While validated surveys can measure how an individual coped with
a traumatic or stressful life event, social media data can provide a
stream of in-the-present recordings, e.g., our dataset contained a
series of posts explaining the logistics, stress and support related
to hospitalization process of an individual’s child (identified as a
continuous category). Surveys may also cause priming effects [136]
— if a participant is inquired about a stressful life experience, they
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may undergo a psychological stress by re-thinking about those
experiences. Considering these differences, our work shows that
additional factors relating to events and individuals are important
drivers of disclosures (and non-disclosures). To this end, our study
also extends prior investigations that have examined the factors
behind disclosure and non-disclosure on social media alone [6],
by asking questions around how individuals arrive at decisions
regarding which life event to disclose on social media versus selfreport on a survey, and how these decisions straddle the contexts
of use and affordances of the two modalities.

6.2

Design Implications

As noted in Section 2, considerable HCI research has sought to
design, develop, and adapt platforms around life events like childbirth [36], gender transition [65, 66], and pregnancy loss [7]. Going
beyond instances of specific life events, our work reveals that people
not only share varied life events on social media, but also engage
in selective sharing of life events, controlling for individual differences and event attributes. Our research reveals, for the first
time, a need to design for individuals and situations for both when
disclosures do happen and when disclosures are withheld. Doing
so necessitates closing the socio-technical gap per Ackerman [1].
6.2.1 Designing for Disclosure. We include two design implications
here, based on our findings, one to scaffold the disclosure process
itself, and a second to make platforms and their algorithms sensitive
to disclosures once they happen.
Prior work reveals therapeutic and positive benefits of disclosure
and expressive writing [13, 49], including benefits like finding an
outlet for emotional release, self-acceptance, and solidarity with
peers with similar experiences. Our work finds that despite the
occurrences of negative life events, individuals may not always
disclose these events on social media, perhaps because of concerns
noted in Section 6.1. As also noted by Andalibi and Forte [7] and Ernala et al. [49], future research can therefore explore designing
social media affordances that provide safe spaces for opening up
for individuals with varied needs. This can include enabling individuals to create “trusted friend circles” based on various life event
disclosures, e.g., a person may not be comfortable about sharing
a work-related event but may be comfortable doing so with a set
of trusted group of friends, therefore allowing targeted and staged
disclosures [67, 160]. We found that users might be inhibited about
disclosing negative or sensitive events. Users chose to not disclose
certain events, despite Facebook providing audience control by
design. To ease the process of recording an event privately or selectively, features may be included whose design and user experience
are explicitly tailored to support the specific activity of recording
life events, such as empowering users to define audiences and to
limit the responses types about their life event, letting them take
conversations to a different medium or outside of the platform, or
having the provision of an expiration date on how long a life event
may remain shared.
In addition, social media has shown promise as an intervention
medium for crisis and wellbeing [29, 134]; we need to re-think alternative strategies for self-disclosures. For instance, to support
individuals concerned about the public-facing nature of online platforms, tools may be built that emulate the benefits of personal
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blogging and journaling [31], to serve as a timestamped archive of
one’s thoughts and feelings around life events, empowering individuals to self-reflect traces of life. This can be a part of identity work
or a part of memory work. We also found that disclosure behavior
may reveal an individual’s momentary and longitudinal behavior,
such as some disclosures being associated with momentary affective states (e.g., grief and joy), and others with lasting changes
(e.g., moving to a different place). Consequently, we suggest designing tools to provide supportive interventions around disclosures,
including suggestions to rekindle interactions with social ties or
recommending support communities.
On personal journaling, Facebook currently allows users to post
and limit visibility to private. Some users send messages to themselves to record various events. However, none of these are bydesign journaling interfaces. A recommendation could be an explicit private timeline space, where users can write private notes.
Drawing motivation from smart journaling [47], such design can
enable users to record life events, choose what to keep public and
private, and also to toggle a private life event as public later in time.
Further, platforms can consider designing with flexible anonymity,
which can help break stereotyping or social expectations about social media posting of specific life events by particular demographics
such as males and younger adults (as also seen in our study).
Next, as our Introduction notes, algorithmic content recommendation on social media is largely content and interests driven, showing personalized content based on individuals’ interests and interactions with social ties. A lack of alignment of these recommendations
with happenings in one’s life, whether disclosed or undisclosed, can
however have deep negative repercussions. We noted an anecdote
when algorithmic curation of Facebook feed was “inadvertently
cruel” because it were not sensitive to an individual’s life event [102].
Therefore, like prior HCI work [8, 23], we argue that tailoring recommendations to be inclusive and attuned to disclosed life events
can increase the value people derive from these platforms. Literature notes that positive content can potentially benefit individuals
to feel better in positive times, whereas supportive content may
enable to feel comforted during adverse times [8, 110]. Such uses
of social media can be promoted by designing life event-inclusive
and -aware recommendation algorithms and affordances.
6.2.2 Designing for Non-Disclosure. Our study reveals that a “one
size fits all” approach to scaffold online life event disclosures may
not work. It matters not only that certain individuals choose not to
disclose, but also that each event is associated with unique characteristics and circumstances. In particular, although our study did not
solicit feedback from participants about why they chose to disclose
or not disclose a particular event, we did find certain demographic
groups, such as males, older individuals, those low on agreeableness
and extraversion personality traits less inclined to disclosing online.
Essentially, from a therapeutic perspective, the perceived efficacy of
social media platforms as online social spaces to disclose life events,
may vary across individuals. Despite having a Facebook account
and using Facebook for other purposes, individuals may resist or
reject using the platform to share personal happenings, as an individual choice, social practice, or the event’s temporality — a case for
many of our participants. Scholars exploring technology non-use
have found that disenchantment often stems from the perceived
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banality and inauthenticity of social interactions on social media
platforms, particularly in contrast to offline communication [12].
Furthermore, some might feel socially disenfranchised to participate on a platform due to socio-institutional pressures, harassment,
or social anxiety [115]. Because a disclosure might compromise an
individual’s social network’s contextual integrity and the privacy
expectations of other stakeholders of the life event [6], some of
these factors behind non-use might play in our case as well. And
yet, there were individuals who felt comfortable to self-report a life
event on the survey, to a different social audience (of researchers),
albeit smaller — indicating an implicit effort to weigh in the benefits
and risks of disclosing life events on one modality versus another.
So how do we then design to accommodate the needs of these
individuals with varying underlying decision-making processes
around life event disclosures, and what would constitute an efficacious social media platform design for them? Given that our study
reveals specific demographic differences among those who disclose
and do not, how can design ensure that the groups who do not
disclose are not marginalized?
Instead of designing only to encourage life event sharing on
social media and risking “problematizing” the non-disclosers, we
provide design suggestions drawing from scholars who have called
for the role and perspective of the non-user to be recognized and
valued [166]. First, platform designers need to account for social
media non-use as a signal to modulate content recommendations.
Essentially, design features may be built that allow individuals to
curate or select what they would like to see and not see on the platform, depending on whatever their undisclosed current life event(s)
might be. Second, drawing upon research on designing for technology non-use [12, 26, 122], platforms can accommodate alternative
forms of participation for an individual, as a coping mechanism following an undisclosed life event, that does not involve being forced
to deactivate or delete their social media account, or to stop social
sharing and interaction altogether. For instance, individuals can
switch platform settings to “no recommended content” and only
visit parts of the site which they may feel are conducive to their
current life circumstances. Broadly speaking, we draw from Baumer
et al. [12], who noted that resistance to early telephone and electrical technology, particularly among rural populations, led producers
to develop new designs and infrastructures better suited to rural
life [89]. Similarly, we urge researchers and designers to make social
media platforms life event-sensitive in a way that not only considers potential barriers preventing disclosures, but also provides
agency in the decision-making processes behind non-disclosures.

6.3

Ethical Implications

Our work has ethical implications. While some of the motivations
and implications of our work center around designing social media platforms that can customize content depending on individuals’ life events, we note that personalization can function as a
“double-edged sword” [116]. Pandit and Lewis argue that on one
side, it can provide benefits through personalization and user profiling, but simultaneously can also raise several ethical and moral
questions [116]. Despite the best of intentions of a platform and
designers to provide personalized content, this can lead to expectation mismatches, and individuals may perceive intrusiveness and
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dissatisfaction about such algorithmic content curation without
consent [50]. Further, identifying life event disclosures on social media can lead to other potential ethically questionable consequences
such as targeted advertising [76], including compromised privacy,
defying expectations, and damaging relationships — reminiscent
of the case of the woman whose pregnancy was discovered by a
supermarket chain without her knowledge [70]. That is, although
personalizing ads around positive events (e.g., new home, wedding)
may bear both business and individual advantages, the same around
negative life events can not only exacerbate an individual’s situation
and wellbeing, but also can be deemed unethical and intrusive [92].
Furthermore, people’s online disclosures of life events can be
(mis)used to infer high-risk decision outcomes in one’s offline life
such as job, insurance coverage, financial support, or obtaining a
property mortgage. At the other end of the spectrum, when people
do not disclose their life events, it might prevent such misuse, but
they may be disadvantaged in deriving the benefits that disclosing
individuals might be able to derive from the platform, such as access
to support, social capital, or social approval. From a social computing standpoint, both disclosures and non-disclosures of life events
on social media can lead to forming new social conventions and
norms on the platform with repercussions on an individual’s life,
e.g., research already notes the positivity bias on social media [22],
and non-disclosure of negative events may make people feel worse
when they experience a negative life event. Overall, these ethical
complexities call for better understanding and guidelines regarding
what platforms owners and decision makers can and should do
with people’s (non)-disclosures of life events, for what purpose, and
the extent to which transparency is baked into these uses.

6.4

Limitations and Future Directions

Our work has some limitations, which suggest opportunities for
future research. While we explored several factors related to life
event disclosures on social media, one aspect that remains to be
explored more concretely is the “why” question about people’s
self-disclosures. Our work can neither claim causality, and nor
can it explain the causal directions (if any) between the factors
and disclosure behavior. Future work can interview individuals to
understand the causes of different behavior on social media and
elsewhere, regarding disclosure (or no disclosure) of a life event.
Next, self-reports on a survey are based on an individual’s subjective perception of interpreting life events. In contrast, labels on
social media disclosures relied on the annotation scheme provided
by our codebook, which essentially normalized the semantics of
life events across all individuals’ data — arguably less sensitive
to subjective interpretation. However, this data can be prone to
researcher bias, based on how our annotators read an individual’s
post, and the plausible interpretation gap in what the individual
meant and what the annotators interpreted to (not) be a life event.
Future work can consider to augment this study design where the
codebook is adapted to each individual’s subjective interpretation
of life events, based on explicit feedback from them, in order to
minimize the interpretation gap.
Moreover, we also note the lack of availability of real groundtruth data on the life events to corroborate the authenticity of
social media life event disclosures. This issue is especially significant because although the PERI life event scale is a gold standard

Saha et al.

established in the literature [41], scholars have also noted biases
that impact survey responses, such as, the fact that researchers are
requesting personal data or the participants’ own perceptions of the
study for which they are sharing their responses [154]. Future research can investigate study designs to augment survey responses,
such as using interviews or gathering data from participants’ calendars or journals, in order to construct a more comprehensive
picture of significant events in an individual’s life.
Our findings are limited to a single data source, Facebook, and
on those who chose to participate in the study, likely introducing self-selection bias. Each modality can have its own social conventions and expectations [117], contributing to an individual’s
self-disclosure on a particular topic in a particular way. Again, an
individual is most likely active on multiple social media platforms
for different purposes and audiences. Future work can extend this
work to shed light on life events disclosure within and across multiple platforms, with participant consent like used here. For privacy
reasons, our study does not include multimedia (e.g., photos) and
private messages, these forms of data, again subject to participants’
comfort levels, can contextualize the observations related to certain forms disclosures. Finally, our study is limited to examining
only active participation on social media (posting on Facebook).
We chose to exclude 242 participants who self-reported on survey
but did not post on Facebook in the same period in our analysis, as
this could have led to inconclusive information about their use of
Facebook during study period, i.e., we cannot delineate if they were
absolutely inactive on Facebook, or if they only passively participated (consumed) content on Facebook. If login/consumption data
is available, future work can provide additional valuable insights
on social media disclosures of life events.

7

CONCLUSION

This study examined how life events are recorded on social media,
in terms of what is disclosed (or not), when, and by whom. We
compared social media disclosures of life events on 256 participants’
year-long Facebook dataset of 14K posts, against self-reported life
event occurrences in this period. We defined and contributed a
comprehensive codebook to identify online self-disclosures of life
events. We examined what factors explain the deviation of online
self-disclosed life events against self-reported life events. We built
regression models by controlling for individual attributes such as
demographics and intrinsic traits and event-centric attributes. We
found that positive and anticipated events are more likely to be
disclosed, whereas significant, recent, and intimate events are less
likely to be disclosed on social media. Our observations suggested
that all individuals might not disclose all life events on social media;
however, what they disclose, provides complementary and richer
information compared to what their self-reports reflect.
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Life Events on Social Media

A APPENDIX
DISENTANGLING FACTORS OF REPORTING
LIFE EVENTS ON DIFFERENT MODALITIES
Besides the convergence (Model1 ) and divergence models (Model2 )
as studied in Section 5.3, we also run a third kind of logistic regression models on the entire data of DT , such that:
• Model3a uses all the described covariates as dependent variable and predicts if the event is disclosed on social media
as the dependent variable, i.e., 1 if self-disclosed on social
media, and 0 if not.
• Model3b uses all the described covariates as dependent variable and predicts if the event is reported on survey as the
dependent variable, i.e., 1 if reported on survey, and 0 if not.
Essentially, these models allow us to disentangle the effects of
each of our covariates in explaining the direction of reporting, treating each of the modalities independent of each other. For instance,
Model2 revealed that males show a negative correlation (Table 7)
which could either be because males tend to disclose lesser on social media, or because Males report more on surveys compared to
females. The two models Model3a and Model3b would help us to
disentangle similar directions of the factors in each of the models.
Table A1 shows standardized coefficients and significance of the
covariates in the above models. Looking at the significant variables,
we find that an interesting pattern that Model3a and Model3b show
coefficients with opposite signs. For example, age shows positive
association with social media disclosures and a negative association
with survey self-reports. Again, males are less likely to disclose
events on social media, and, age has no effect on self-reports. We
also find that healthy sleep quality has a strong negative association
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with social media disclosures, however no significant association
with self-reports of life events.
Among event attributes, we find that valence of event bears a
strong positive association with social media disclosures but no
significant relationship with self-reports. In contrast, greater the
significance of an event, less likely it is to be disclosed on social
media, and more likely it is to be reported in self-reported survey.
We construe similar explanation as in Section 5 holds here, significant events could be associated with emergency circumstances
when the individual has lower propensity to post about the event.
Similar associations are observed for recency, intimacy, and scope,
with negative association with social media disclosure and positive
association with self-reports. With respect to type of events, Work
shows significant negative relationship with social media disclosure
and positive relationship with self-reports — indicating that work
related events are less likely to be posted on social media despite
their occurrences.
Finally, we also find interesting directions for the baseline attributes, we find that social media related baseline attributes positively associate with social media disclosure but show no statistical
significance in the relationship with survey based disclosure. For
survey related baseline attributes, we find that number of survey
records negatively associate with number of social media disclosures, and positively associate with survey event logging. Again,
baseline self-reported significance shows a positive association
with social media disclosure, indicating that individuals who tend
to self-perceive greater significance of events are also more likely to
disclose the event on social media. Taken together, the relationships
observed in this analysis is not very different from what we observe
in our results, providing more insight about what does the factors
associated with online disclosures of life events.
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Table A1: Model3∗ : Coefficients of linear regression of relevant covariates as independent variables and disclosing on social
media as dependent variable in Model3a (1 for disclosure and 0 for no-disclosure), and self-reporting on survey as dependent
variable in Model3b (1 for self-report and 0 for no-self-report), * 𝑝<0.05, ** 𝑝<0.01, *** 𝑝<0.001.
Model3a
Demographic/Trait
Age
Gender: Male
Born in US: Yes
Education: H. School
Education: College
Education: Grad School
Education: Doctoral
Shipley: Abstraction
Shipley: Vocabulary
Personality: Openness
Personality: Conscientiousness
Personality: Extraversion
Personality: Agreeableness
Personality: Neuroticism

Model3b

Coeff.

p

Coeff.

0.02
−0.89
−0.35
−0.02
−0.04
0.22
0.32
−0.07
−0.02
0.06
−0.06
0.22
0.92
0.26

*
*

−0.04
0.43
0.22
1.16
1.19
0.94
0.72
0.04
0.05
−0.34
−0.07
−0.03
0.08
−0.03

***

*
***
*

Model3a

p

Event Attribute

Coeff.

***
***

Valence: Positive
Significance
Recency
Anticipated
Intimacy
Scope
Status: Ongoing
Type: Health
Type: Work
Type: School
Type: Local
Type: Financial

0.39
−1.26
−1.88
0.19
−0.78
−0.84
4.71
−0.25
−1.54
−0.10
−1.08
−2.88

***
*
**
*
**
**
*

Baseline Attribute

Coeff.

p
***
***
*
***
***
***
***
*
***
p

Model3b
Coeff.
−0.19
0.87
1.57
−0.16
0.36
0.44
−1.92
0.29
0.97
0.26
−0.17
1.35
Coeff.

Positive Affect
−0.00
−0.03 **
SM: Num. Posts
1.28 ***
-0.03
Negative Affect
−0.00
0.00
SM: Avg. Post Length
8.62 *
-1.44
Stai: Anxiety
0.02
−0.03 *
SR: Num. Records
-1.07 ***
1.46
PSQI: Healthy Sleep Quality
−0.10 ***
0.01
SR: Avg. Significance
0.50 ***
-0.17
Model3a : AIC = 920.3, Deg. Freedom= 34, LLk. = −425.15, 𝜒 2 = 2493.88, Pseudo R2 = 0.75, p < 0.001 ***
Model3b : AIC = 2160.4, Deg. Freedom= 34, LLk. = −1045.22, 𝜒 2 = 1468.90, Pseudo R2 = 0.43, p < 0.001 ***

p
***
***
***
**
***
***

***
p

***
**

