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ABSTRACT
Suicide is the second leading cause of death among young
adults but the challenges of preventing suicide are significant
because the signs often seem invisible. Research has shown
that clinicians are not able to reliably predict when someone
is at greatest risk. In this paper, we describe the experimen-
tal design and collection of a multimodal dataset, including a
clinical interview of mental health history, text messages, call
history, emails, social media data, and web browsing activity
from individuals with a history of suicidal thoughts and be-
haviors. By reconstructing the timeline of recent suicidal be-
haviors through a retrospective clinical interview, this study
utilizes a prospective research design to understand which
features in text communications predict suicide attempts (vs.
periods of suicidal ideation or depression). Identifying sub-
tle clues in communication indicating when someone is at
heightened risk of a suicide attempt may allow for more ef-
fective prevention of suicide.

Author Keywords
suicide, mental health, social media, depression, text
messages

ACM Classification Keywords
H.1.2 User/Machine Systems; I.5 Pattern Recognition; J.3
Life and Medical Sciences: Health; J.4 Social and Behavioral
Sciences: Psychology

INTRODUCTION
Suicide is a serious public health problem with increasing
prevalence. The overall suicide rate in the U.S. rose by 24%
from 1999 to 2014, according to the National Center for
Health Statistics [27]. In fact, in the U.S. one person attempts
suicide every 38 seconds and an average of 94 individuals
complete a fatal suicide attempt each day. [8]. Millennials,
the first generation to be immersed in technology and social
media [29], are an especially vulnerable population as suicide
is the second-leading cause of death among individuals aged
25 to 34 and third-leading cause among individuals aged 15
to 24 [8, 5].
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Given the staggering toll of suicide, it is catastrophic that our
methods for identifying those at highest risk of suicide re-
main woefully ineffective. Thus far, the majority of suicide
research has focused on identifying general risk factors for
suicide (e.g., age, gender, psychiatric history), and our chief
method for assessing acute suicide risk remains clinicians’
judgments, which, unfortunately, do not accurately predict fu-
ture suicidal behaviors [18]. Thus, there is an urgent need for
novel, data-driven tools to assess acute suicide risk. We need
to predict not only who, in general, is at heightened risk for
suicide, but also when that person is especially at risk.

According to Pew Research Center, 99% of Millennials use
the internet and 92% own a smartphone in the U.S. [22]. The
rising use of smartphones and content-sharing services such
as email, blogs, crowd-source sites, and social media has re-
sulted in a proliferation of unstructured text data. Applying
text mining techniques to person-generated data, such as text
messages and web browsing history, may identify how com-
munication patterns and media use change as an individual’s
risk state increases (e.g., from depression to suicidal ideation
to suicide attempt) [16].

Recent data-driven suicide research efforts apply text min-
ing techniques to person-generated text data from clinicians’
notes recorded in electronic medical records (EMRs), suicide
notes, patient responses to an interview inquiring about suici-
dal intent conducted by a social worker, and social media data
collected via application programming interfaces (APIs) cou-
pled with inferences about the individual’s mental state (e.g.,
Reddit or Twitter data) [24, 20, 21, 6, 4]. However, these
studies identify who, not when someone is at risk. Additional
limitations of these studies include using text data that is sub-
ject to clinicians’ judgment or data collected post-attempt.

Previous suicide research in the field of psychology has pri-
marily focused on the difference between individuals with
suicidal ideation and controls [15]. However, the level of risk
dramatically increases as an individual progresses in suici-
dal thoughts and behaviors: 34% of suicide ideators go on to
make a suicide plan; 72% of individuals with a suicide plan
go on to make an attempt; and 26% of ideators without a plan
make an unplanned attempt [16].

In this paper, we describe the experimental design and col-
lection of a multimodal dataset built specifically to identify
unique patterns of communication that occur in advance of
a suicide attempt, providing insight into when someone is
at heightened risk. The dataset includes personal commu-
nication (i.e., short message service [SMS], emails, and call



history), social media data (i.e., Twitter and Facebook), web
browsing history, and mental health history. To the best of our
knowledge, this is the first multimodal dataset with known
mental health outcomes for suicide research. Applying data-
driven techniques to this dataset will help address a serious
gap in suicide research by allowing for within-subject com-
parisons as an individual transitions into higher risk states.

EXPERIMENTAL DESIGN
Prior to data collection, an online survey was distributed to
the Department of Psychology’s undergraduate participant
pool at the University of Virginia (UVa) [11] to evaluate
students’ communication habits using various electronic ser-
vices. Of the 796 students who participated in this survey, in-
dividuals highly endorsed regularly using SMS (95.1%) and
email (87.7%) for writing personal messages intended for an
individual or group to see, followed by Facebook (63.7%)
and Twitter (31.9%). Those endorsing text messages reported
sending personal messages many times a day, compared to
other services, which were used once a day (e.g., email) or
less than once a day (e.g., Facebook, Twitter). On a Likert
scale from 1 to 5 of likelihood of using a particular service to
send emotionally expressive messages, text messages had the
highest likelihood (3.9), followed by Facebook (2.9), Twitter
(2.7), and email (1.6).

The data collection process consisted of two phases: recruit-
ment and the laboratory study, as described below. Figure 1
presents the steps involved in the data collection process. The
study protocol was approved by the institutional review board
of UVa.

Recruitment
Participants were recruited from the undergraduate partici-
pant pool to complete a 2-hour laboratory session. Partici-
pants received either course credit or $40 for participating in
the study. Prior to a participant being invited into the labora-
tory, participants were pre-screened using two online surveys
and a phone screen.

Online Survey Screen
An initial online survey was distributed to the undergradu-
ate participant pool. The initial survey included the question
“Have you ever had a period of sadness in the past during
which you felt hopeless?” and included an option to be con-
tacted about possible participation in studies asking about this
time period in their life. Of the 2,377 students who partici-
pated in the initial survey, 1,478 (62.2%) indicated a period
of past sadness.

A follow-up two-question survey was emailed to individu-
als who answered yes to the initial survey question and con-
sented to be contacted (n=1,211). The second survey included
the questions: “Have you ever made a suicide attempt?” and
“Have you ever had thoughts of wanting to kill yourself?”.
Of the 871 students who participated in the follow-up survey,
593 (68.1%) indicated thoughts of killing themselves and 87
(10.0%) endorsed a past suicide attempt. Individuals who en-
dorsed a past suicide attempt were emailed and invited to par-
ticipate in a phone screen to see if they qualified for the study.

Phone Screen
During the phone screen, participants were provided with
more information about the study and the interviewer ensured
that inclusion criteria for the study were met. Inclusion cri-
teria included: (1) confirmation of past suicidal thoughts and
behaviors; (2) adult status (at least 18 years old); (3) avail-
ability and access to personal messaging data dating back to
prior significant life events (i.e., suicide attempts); and (4)
minimal or no self-reported current desire to die (determined
by a suicide risk assessment tool and no current suicide plan
or intent). Any individuals who were determined to be at high
or imminent risk were excluded from participation and re-
ferred to clinical care. Of the 77 students who consented to a
phone screen, 52 (67.5%) completed the phone screen and 42
(80.7%) qualified to complete the laboratory study.

Laboratory Study
The laboratory procedure included downloading the partici-
pants communication data, an interview with the participant,
and completion of questionnaires.

Data Download
For transparency, participants downloaded their own data
with the assistance of the experimenter. The downloaded data
included SMS, call history, Facebook, Twitter, Gmail, Google
Hangouts, and Chrome search history. SMS and call history
were downloaded using third-party software. The remaining
data were downloaded using the API provided by the plat-
form.

Interview: Identification of Close Relationships
Participants were asked by the experimenter to list the names
of up to 10 people who they frequently discuss their emotions
with and to categorize the relationship with the person (e.g.,
friend, family, significant other, mental health professional,
or school/work colleague).

Interview: Identification of Mental Health Episodes
Participants were asked by the experimenter to identify up
to three episodes for four types of events in their life: (1)
recent suicide attempts, (2) suicidal ideation (with no at-
tempt), (3) depression (with no suicidal ideation or attempt),
and (4) positive mood (with no depression, suicidal ideation,
or attempt). In addition to providing specific dates for the
episodes, the participants were asked of their certainty of
the identified dates and to provide details and context sur-
rounding the episodes. Interview questions for each episode
included questions about suicidal thoughts and behaviors,
depressive symptoms, mood, and alcohol/substance abuse.
These questions were selected from standardized question-
naires, including the Self-Injurious Thoughts and Behav-
iors Interview (SITBI) [17], Columbia-Suicide Severity Rat-
ing Scale (C-SSRS) [23], Suicide Intent Scale (SIS) [2],
Beck Scale for Suicidal Ideation (BSS) [1], Beck Depres-
sion Inventory-II (BDI-II) [2], Patient Health Questionnaire-4
(PHQ-4) [13], and Daily Drinking Questionnaire [7].

Questionnaires
At the end of the laboratory session, participants completed
the following questionnaires: (1) demographics, (2) online



1st Online Screen:
• Past sadness?

2nd Online Screen:
• Past suicidal thoughts?
• Past suicide attempt?

Phone Screen:
• Suicidal thoughts and behaviors?
• 18 or older?
• Data available?
• Minimal current desire to die?

Laboratory Study:
• Download data
• Identify close relationships
• Identify mental health episodes
• Questionnaires

Figure 1. Data collection process.

communication habits, (3) mental health and treatment his-
tory (items adapted from World Health Organization World
Mental Health-Composite International Diagnostic Interview
(WHO WMH-CIDI) [12]), (4) suicidal thoughts and behav-
iors (SITBI, SIS, BSS), (5) depression and anxiety symptoms
(Depression Anxiety Stress Scales (DASS) [14]), (6) general
mood (modified 12-item version of the Positive and Nega-
tive Affect Schedule (PANAS) [28]), (7) hopelessness (Beck
Hopelessness Scale (BHS) [3]), (8) optimism (Revised Life
Orientation Test (LOT-R) [26]), (9) future self-judgments
(Modified Future Self Scales (MFSS) [9]), and (10) perceived
social support (Multidimensional Scale of Perceived Social
Support (MSPSS) [30]).

DESCRIPTION OF THE COMPLETED DATASET
Tables 1, 2, and 3 present the descriptive statistics about the
participants, identified episodes of mental health events, and
types of data collected, respectively. With the exception of
web browsing history, all available data types were collected
from the participant. Of those missing data types, either the
participant indicated that they did not have an account for the
service or did not use it for personal messaging, or a soft-
ware error occurred during data collection. Five participants
declined collection of their web browsing data.

Ethical Considerations
Prior research indicates that asking young adults with a his-
tory of suicide attempts about suicide does not cause an in-
crease in psychological distress or increase suicidal thoughts
or behaviors, either immediately following an assessment
[10] or several years after an assessment [25]. Nonetheless, to
assess any changes as a consequence of the laboratory study,
participants were asked to rate their negative mood and de-
sire to die (measured on Likert scales from 0 to 10) at the
beginning and end of the laboratory study. Risk mitigation
plans were in place for participants who experienced a signif-
icant increase in negative affect or suicidality. Fortunately, as
expected based on prior research, no participants expressed
a significant increase in their desire to die following the in-
terview. Only one participant reported an increase in their
desire to die (1 pre-interview to 2 post-interview). On aver-
age, participants’ negative mood did not change significantly
(3.7 pre-interview to 3.9 post-interview) and desire to die de-
creased slightly (0.8 pre-interview to 0.6 post-interview).

LIMITATIONS
Selection bias was reduced by using a case-crossover design
(i.e., the individual case serves as his/her own control), but
we are limited by studying only participants in the UVa un-
dergraduate community, limiting generalizability. Also, the
results may be affected by recall bias if participants inaccu-
rately recalled the time periods of episodes. To help address

No. of Participants
Total 33
Gender

Female 28
Male 5

Ethnicity
Hispanic 4
Non-Hispanic 29

Race
White 21
Asian 6
Black 3
Multiple/Other 3

Table 1. Descriptive statistics about the participants.

No. of Episodes
Suicide Attempts 67

Certain 34
Uncertain 33
Average Episodes per Participant 2

Suicidal Ideation 71
Certain 53
Uncertain 18
Average Episodes per Participant 2

Depression 82
Certain 71
Uncertain 11
Average Episodes per Participant 2

Positive 84
Certain 79
Uncertain 5
Average Episodes per Participant 2

Table 2. Descriptive statistics about the episodes.

No. of Participants with Data Type
SMS 30
Call History 23
Facebook 31
Twitter 8
Gmail/Google Hangouts 32
Chrome Browser History 12

Table 3. Descriptive statistics about the types of data collected.



this concern, participants were allowed to look back through
their calendars, social media, and SMS when selecting the
dates of each episode. Additionally, participants were asked
how certain they were when identifying the date(s) of the
episode (i.e., ranging from very certain that the recalled date
is correct to the date may be incorrect by more than two
weeks).

Another limitation of the study is use of third-party soft-
ware to extract smartphone data (i.e., SMS and call history).
Smartphone data is limited to SMS and call history currently
stored on the phone and the format of the data varies based on
the software. Collection of Facebook, Twitter, Gmail, Google
Hangouts, and Chrome search history were done through
platform-dependent APIs, capturing a more robust and longer
history of data.

Finally, the financial and time commitment for the data col-
lection is substantial. Crowdsourcing an online data collec-
tion process, such as [19], may be an option for the future to
reduce study costs and labor.

ONGOING AND FUTURE WORK
This dataset was created to investigate temporally sensitive
patterns in communications that predict acute suicidal behav-
iors. By comparing communication patterns on multiple plat-
forms among suicide attempters during periods immediately
preceding an attempt versus other periods of their life, we
aim to isolate specific attributes of communications that char-
acterize states of acute suicide risk.

To do this, we will use applied machine learning to model:
(1) within subject differences in communications of individ-
uals with a past non-fatal suicide attempt during time periods
preceding an attempt versus other identified mental health
episodes, and (2) between episode differences in the aggre-
gated data of individuals with a past non-fatal suicide attempt.

This research will provide insight into how language patterns
change across multimodal media as an individual transitions
from suicidal ideation to a suicide attempt indicating an in-
creasing level of suicide risk. Previous literature has gener-
ated little knowledge about the differences between periods
of suicidal ideation versus periods when an actual attempt
is imminent [15]. Employing data-driven techniques, such
as those developed in this study, could identify individuals at
risk and help direct appropriate resources to these individuals.
As Nock et al. [16] report,“the biggest shortcoming in suicide
research to date” is “the inability to dramatically decrease
rates of suicidal behavior and mortality despite decades of
research and associated commitment of resources.” This re-
search may enable new ways to identify not just who is at risk
for a suicide attempt, but also when a given person increases
in their risk state and acutely needs services.
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