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Abstract

The recent rise in youth suicide highlights the urgent need to
understand how online experiences contribute to this public
health issue. Our mixed-methods approach responds to this
challenge by developing a set of themes focused on risk fac-
tors for suicide mortality in online spaces among youth ages
10-24, and a framework to model these themes at scale. Us-
ing 29,124 open text summaries of death investigations be-
tween 2013-2022, we conducted a thematic analysis to iden-
tify 12 types of online activities that were considered by in-
vestigators or next of kin to be relevant in contextualizing
a given suicide death. We then developed a zero-shot learn-
ing framework to model these 12 themes at scale, and an-
alyzed variation in these themes by decedent characteristics
and over time. Our work uncovers several online activities
related to harm to self, harm to others, interpersonal interac-
tions, activity levels online, and life events, which correspond
to different phases of suicide risk from two prominent suicide
theories. We find an association between these themes and
decedent characteristics like age, means of death, and inter-
personal problems, and many themes became more prevalent
during the 2020 COVID-19 lockdowns. While digital spaces
have taken some steps to address expressions of suicidality
online, our work illustrates the opportunities for developing
interventions related to less explicit indicators of suicide risk
by combining suicide theories with computational research.

Introduction

Content Warning: This paper discusses suicide mortality
among youth, including some graphic or explicit behaviors.

Suicide is the third leading cause of death among youth
ages 10 - 24 in the U.S.A. (Health and Human Services
2025). In fifteen years, youth suicide mortality has risen
62%, from 6.8 deaths per 100,000 in 2007 to to 11.0 in 2021
(Curtin and Garnett 2023). The urgency to address suicide
behaviors is matched by a growing set of concerns about
youth mental health more generally (Brener 2024). In his
2021 advisory, the U.S. Surgeon General identified online
spaces generally and social media specifically as key factors
in recent declines in youth mental health (General 2021).
By age 17, over 95% of contemporary youth have access to
a smartphone, and adolescents spend on average 4.8 hours a
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day on social media applications (Rothwell 2023). Prior re-
search links higher use of social media, longer screen times,
and harmful online activities (i.e., cyberbullying, coercive
sexting) with increased mental health challenges and youth
suicide ideation (Thulin et al. 2024b).

Current research has largely focused on addressing this
problem by classifying and understanding how to mit-
igate expressions of suicidal ideation and intent online
(Macrynikola et al. 2021). However, it is unclear which spe-
cific online behaviors are linked to youth suicide deaths. Ad-
ditionally, in spite of the complexity of online interactions,
most existing research focuses on linking mental health to
the amount of engagement online (Jaycox et al. 2024). While
this is a useful first step, understanding how online activities
shape suicide risk requires focusing not only on time spent
online but also on the types of online activities contributing
to risk. For example, suicide risk may be related to online ac-
tivities like consumption of content related to self harm, cy-
berbullying, and intimate online relationships. While some
prior research has examined these behaviors, they were of-
ten not studied at scale and linked to mental health or sui-
cidality more generally rather than suicide mortality (John
et al. 2018; Yildiz et al. 2019; Aliverdi et al. 2022).

Using open text summaries of death investigations from
a nationwide mortality registry, we use qualitative, statisti-
cal, and computational methods to address three aims: First,
we conduct a thematic analysis to characterize the types
of online activities among 29,124 youth suicide decedents
from 2013 to 2022, drawing on the Integrated Motivational-
Volitional (IMV) and Durkheim theories of suicide risk
(O’Connor and Kirtley 2018; Durkheim 2005). Next, we ex-
amine how these online activities vary by decedent charac-
teristics including age, means of death, mental health, and
interpersonal problems. Finally, we investigate how these
onlines activities varied over time, particularly in the after-
math of the COVID-19 pandemic. Collectively, our work
makes three contributions:

1. We develop a set of 12 themes characterizing online be-
haviors among youth suicide decedents related to harm
to self, harm to others, interpersonal interactions, activ-
ity levels online, and life events.

2. We create a framework to model these themes with zero-
shot learning. Our framework accounts for the fact that
many of the themes are conceptually similar (e.g., perpe-
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Figure 1: This paper presents a theory-driven thematic analysis to characterize how online behaviors contribute to suicide risk
among youth who died by suicide. Although the initial phases of the thematic analyses used open coding, themes were ulti-
mately constructed to align with two theories of suicide: The first is the IMV theory that describes three phases of suicidal risk
shown in yellow (pre-motivational phase), orange (motivational phase), and red (volitional phase) at the top of the figure. The
second is Durkheim’s theory of suicide, which describes suicide risk as the result of transgressions of the norms of integration
(shown in light green in the bottom row of boxes) and regulation (shown in light blue). Using open coding and these two
theories, we construct 12 themes related to the online activities described in NVDRS narratives, shown in the purple boxes at
the bottom. These themes are related to a variety of topics, including harm to self, harm to others, interpersonal interactions,
activity levels online, and life events. This figure depicts how each theme corresponds to a different IMV phase and set of
Durkheim’s norms. Detailed descriptions of the themes are given in Table 2.

trator vs. victim of violence) and, therefore, difficult for
an LLM to distinguish.

3. We use the model-identified themes to show, at popula-
tion scale, that online activities are associated with fac-
tors influencing suicide completion like age, interper-
sonal problems, and means of death. We also show that
online activities among decedents exhibit temporal vari-
ation, including many with particularly large increases
during the COVID-19 lockdowns.

The near-unprecedented pace of near-ubiquitous adoption
of online social activities, with the parallel rise in youth sui-
cide in the past 20 years, requires new analytic approaches
to bring long-standing theories of suicide risk into the 21st
century. While digital platforms have taken some steps to
address overt expressions of suicidality (e.g., allowing posts
to be flagged by others, linking to crisis lines), these efforts
only address indicators of the acute volitional suicidal crisis
phase immediately preceding an act of self-harm. In con-
trast, the themes identified in this work identify indicators
of risk more upstream of this crisis phase and therefore of-
fer greater opportunities for intervention. While challeng-
ing to implement, our work emphasizes the potential for on-
line platforms to collaborate more systematically with men-
tal health professionals and investigations of suicide deaths
in order to identify opportunities for addressing how specific
online activities contribute to suicide risk.

Online Activity and Youth Suicide

Modeling Suicidality Online. A large body of litera-
ture studies expressions of suicidality in online spaces
(Macrynikola et al. 2021; Mok, Jorm, and Pirkis 2015). An
important area of research has been characterizing suicidal-
ity on social media, web forums, and other online spaces.
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A number of papers detect suicidal ideation in social media
and other online spaces (Skaik and Inkpen 2020), and use
these detectors to perform downstream tasks like modeling
transitions from other topics to suicidal ideation (De Choud-
hury et al. 2016), studying what types of discourse promotes
or deters ideation (De Choudhury and Kiciman 2017; Chan-
cellor et al. 2021), analyzing how suicidality spreads (Ku-
mar et al. 2015), and even designing evaluations and systems
for online intervention (Kavuluru et al. 2016; Sawhney et al.
2021; McCarthy 2010). Other work has used online activ-
ity to predict population-scale suicide mortality rates (Patel
et al. 2024; Choi et al. 2020). We build on this important
body of work to understand decedents’ other online behav-
iors, apart from expressions of suicidality.

Suicidality vs. Mortality. Importantly, our study exam-
ines social media use in the context of suicide deaths rather
than suicidality more generally (i.e., expressions of suici-
dal ideation, intention, or plans). While existing social me-
dia datasets can be used to track suicidality, these analyses
are often limited in their ability to identify suicide deaths
which an epidemiologically distinct phenomenon. First, sui-
cide deaths only occur in a very small fraction of people who
experience suicidality. Suicidal thoughts such as feeling per-
sistent sadness or hopelessness are relatively common — as
of 2023, 39.7% of youth reported these feelings in the prior
12 months (Shain 2018). A smaller number of youth seri-
ously contemplate suicidal action (20.4%), and even fewer
attempt suicide (9.4%) with a first attempt-to-completion
ratio of 41:1. Second, the population expressing suicidal
ideation is distinct from those who die by suicide. For in-
stance, rates of suicide completion significantly differ by sex
(male youth have a ratio of 16:1 attempt:completion for the
first attempt) and means of death such as firearms drastically
increases lethality of a suicide attempt (Shain 2018). There-



fore, while identifying and mitigating suicidality online is an
important step, separate research is required to understand
whether these findings generalize to prevention of suicide
mortality. Our work represents an important first step in this
direction; though we do not have the data to estimate sui-
cide risk following different online behaviors, we are able
to characterize what online behaviors are linked to suicide
deaths and analyze variation in these behaviors.

Data

In order to analyze online activities among youth who have
died by suicide, we use a registry of suicide and other violent
deaths in the U.S.A. Managed by the Centers for Disease
Control and Prevention (CDC), the National Violent Death
Reporting System (NVDRS) is a comprehensive database
of violent deaths (including suicides) in states reporting into
the system. The number of reporting states grew over time.
In 2013, 17 states reported suicide data to NVDRS, grow-
ing to 30 states in 2016, and by 2020 there were 47 report-
ing states (including DC, excluding CA, FL, HI, and NY).
NVDRS contains records of all suicide deaths in each re-
porting state, making it a population-scale dataset.

Data reported to NVDRS are derived from the death cer-
tificate and death investigation reports. Data include dece-
dent’s demographics (age, sex, race, etc.), key characteristics
of the death (date, location, weapon, etc.), a set of binary-
coded contributing circumstances based on the investigation
reports (mental health problems, school problems, interper-
sonal problems, etc.), and two narrative summaries from the
perspective of law enforcement (LE) and the corner/medical
examiner (CME). The narratives are composed by trained
abstractors in each state, who summarize the investigation
reports to provide detailed descriptions of the contribut-
ing circumstances of the decedent’s death. These narratives
are the primary source of information about online activi-
ties, as none of the coded circumstance variables system-
atically characterize what a decedent does online (the only
relevant variable is “Recent Disclosed Suicidal Thought/-
Plan via Electronic Means”). NVDRS narratives are based
on LE and CME investigations into each death, so infor-
mation about online activities likely comes from two pri-
mary sources: accounts by the decedent’s next of kin (fam-
ily, friends, school, etc.) and searches of the decedent’s elec-
tronic devices. The official investigation reports detail im-
portant findings, and the NVDRS abstractors write a sum-
mary for researchers with the goal “to provide the context
for understanding the incident” (Nazarov et al. 2019).

We note three key points about how to interpret find-
ings from the narratives: first, the narratives describe a high
precision but not high recall set of circumstances. Due to
gaps or omissions by next of kin, LE/CME, and abstractors,
NVDRS narratives do not provide a comprehensive account
of the circumstances salient to each suicide; however, per
our conversations with NVDRS abstractors, circumstances
referenced in the narratives are likely relevant to the death.
Second, the narratives collectively describe a range of cir-
cumstances experienced by suicide decedents. NVDRS can-
not be used on its own to calculate the suicide risk asso-
ciated with each behavior, as it provides the prevalence of
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these behaviors only among decedents and not among the
full population. However, NVDRS includes all decedents in
reporting states and, therefore, allows us to characterize be-
haviors among decedents at population scale. Third, since
NVDRS relies on death investigations, there is significant
heterogeneity in the quality of reporting by decedent charac-
teristics. For instance, decedents who were male and part of
some racial/ethnic minority groups tend to have shorter nar-
ratives, which often correlates with fewer circumstances re-
ported (Mezuk et al. 2021). Notably, however, younger dece-
dents tend to have longer narratives than older age groups.

Our analysis covers a ten year period, from 2013 through
2022. Our analytic sample consists of all 29,124 single sui-
cide deaths among youth ages 10-24 for whom the circum-
stances surrounding the death are known in NVDRS. We
chose to study decedents ages 10-24 in order to remain con-
sistent with the CDC’s definitions of youth (Curtin and Gar-
nett 2023). On average, narratives contain 1509 characters
and 19 sentences. Access to the NVDRS Restricted Access
Database, containing the narrative data, was approved by
the CDC. Our University of Michigan’s Institutional Review
Board deemed this study exempt from human subjects reg-
ulations because the NVDRS data is limited to deceased in-
dividuals (HUMO00209833).

Thematic Analysis of Online Activities

We start by using the NVDRS narratives to identify a set
of themes describing the online activities of youth who died
by suicide. We adopt a mixed analysis approach, combining
inductive and deductive coding to develop themes.

Theory In the present study, we draw on two key theo-
ries to characterize heterogeneity of online activity in the
context of suicide risk: IMV theory and Durkheim’s theory
of suicide. IMV theory explains how certain behaviors may
lead someone from triggering events to suicidal thoughts
to planning and death (O’Connor and Kirtley 2018). IMV
theory charts this progression using three risk phases: pre-
motivational (precipitating events, stressors, and triggers),
motivational (suicidal ideation and intent), and volitional
(enaction and completion of suicide). IMV theory also out-
lines various mechanisms underlying an individual’s transi-
tion between these states. For instance, decedents may ex-
perience threats to self moderators, which trap them in the
negative emotional states following a stressful event (e.g.,
withdrawal or intensification of use of an online platform).
These negative emotional states may evolve into suicidal
ideation if a decedent experiences motivational moderators
that lessen the likelihood that a decedent sees an alterna-
tive to suicide (e.g., online spaces can exacerbate feelings
of isolation, evident in instances of sharing private or inti-
mate content). Finally, the entry into the volitional phase is
facilitated by volitional moderators, or behaviors that nor-
malize death or increase access to injury means (e.g., dis-
cussing suicide online). Importantly, while expressing sui-
cidal ideation or intention online is an important risk fac-
tor, IMV theory suggests that other risk factors that are ob-
servable in online spaces and could also serve as important
points of intervention.



Additionally, Durkheim’s theory of suicide suggests that
suicide risk factors are likely to violate established social
norms in one of two ways (Durkheim 2005). Durkheim sug-
gests social groups function best when members balance
their levels of social integration (connection with others) and
social regulation (adherence to conventions in communica-
tion and behavior). An imbalance — whether excess or lack
of regulation or integration — can increase the risk of suicide
among group members. Unlike IMV theory, which points
to potential mechanisms linking a behavior to suicide risk,
Durkheim’s theory offers a clear heuristic for whether a be-
havior is a suicide risk factor, which is useful for theme de-
velopment. Together, these theories allow for the evaluation
of online experiences which may inform suicide behaviors.

Annotation Sample. Many NVDRS narratives did not
reference online spaces at all and, therefore, were irrele-
vant to our analysis. To obtain a high-recall sub-sample
with high density of relevant cases, we up-sampled nar-
ratives for annotation that contained keyphrases that are
likely to reference the decedent’s online behavior. To iden-
tify these keyphrases, we started with a starter set of 15
hand-collected phrases that the team of authors developed
based on their knowledge and based on reading a small num-
ber of narratives where the “Disclosed Suicidal Thought/-
Plan via Electronic Means” variable was positive (e.g., so-
cial media, computer, phone). To ensure we were includ-
ing other phrases that are used in NVDRS, we augmented
the starter set with the words and phrases that had highest
cosine similarity to the starter phrases (e.g., web, devices).
To calculate cosine similarity, we trained word2vec embed-
dings on all 29,124 narratives in the analytic sample; nar-
ratives were split into words and lemmatized using spaCy’s
tokenizer, and stop words were removed. Using these em-
beddings, we identified the 50 most similar words to each
starter phrase, and manually filtered low-precision or irrele-
vant phrases from this list by examining a small sample of
cases containing each phrase (e.g., “communicat*” which
referred to both digital and face-to-face communication).
This procedure gave us a set of 51 keyphrases relevant to
online activities. 34.4% of all NVDRS narratives in the ana-
lytic sample contained one or more of our 51 keyphrases; the
phrases from this set that were most commonly found in the
analytic sample included “text” (found in 19.1% of cases),
“messag*” (15.1%), “post” (6.4%), “social media” (5.6%),
“gam*” (3.4%), and “computer*” (2.8%). We annotated 645
cases in total, including 545 cases containing one or more
of the 51 keyphrases and 100 cases that did not contain any
keyphrases. We estimate the recall of the keyphrases in iden-
tifying cases where online activities are mentioned is above
0.973 and the precision is 0.804 (Appendix: Evaluation).

Methods. We performed a thematic analysis of the online
activities described in NVDRS narratives of youth decedents
(aged 10-24), using a subset of 545 cases containing one
or more of the keyphrases and 100 cases containing none
of the keyphrases. Annotators were a group of students, re-
searchers, and faculty at the University of Michigan. An-
notators are all members of a cross-disciplinary epidemi-
ology research group and are affiliated with a range of de-
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partments including public health, data science, information,
firearm injury prevention, and social work. Following the
mixed-analysis approach of Bingham (2023), themes were
identified through multiple rounds of inductive and deduc-
tive coding. The first deductive step of the thematic analy-
sis was attribute coding to determine whether each narrative
referenced any of the decedent’s online activities. Online ac-
tivities include internet platforms (e.g., social media, search
engines, forums), computer-mediated communication (e.g.,
chat, texting, video calls, email), or other activities that are
likely to require the internet (e.g., video games, pornogra-
phy). It excluded the use of likely offline communication
technologies (e.g., phone calls, voicemail) or electronic de-
vices (e.g., photos or documents stored on a phone/laptop);
it also excluded online activities that the decedent was not
actively involved in (e.g., someone else using the decedent’s
phone to track their location postmortem). 72.6% of cases
in the annotation subset (468 of 645 annotated cases) refer-
enced the decedent’s online activities in a way that met our
inclusion/exclusion criteria.

After identifying potentially relevant cases, the second
step required each annotator to conduct an initial induc-
tive, exploratory review of 20 narratives and open-coding
of any engagements in online spaces (e.g., “posting about
depression,” “consuming sexually explicit content”). Then,
the annotators collaboratively developed code definitions by
discussing emerging ideas in the data. In additional induc-
tive rounds, annotators coded an additional 380 cases (40-50
each), where they continued exploratory open-coding and
started grouping these behaviors into broader themes that
emerged from the data (e.g., “personal sharing,” “consum-
ing content involving harm to others”).

The third step was deductive, with the same set of 400
unique narratives as step 2. Annotators applied IMV and
Durkheim’s theories to refine the themes. Themes were clus-
tered relative to their relationship to one or more risk factors
in the IMV theory and violation of norms of either integra-
tion or regulation from Durkheim’s theory. For example, ac-
tivities related to disclosure and graphic disclosure of sui-
cidality are within distinct themes because graphic disclo-
sure offers imagery of the death, which is a different type
of volitional moderator; however, disclosures of plans and
intents are not separated into distinct themes because both
involve stating suicidal intentions. Our team identified sev-
eral types of online activities discussed in the narratives that
did not fit within IMV or Durkheim’s theory — for instance
if a narrative referenced normative online behaviors unre-
lated to any of the IMV risk categories (e.g., using computer-
mediated communication to speak with friends or family,
playing video games online, listening to music, online dat-
ing, or attending remote school or therapy appointments);
these activities are not included in any of the themes.

The team of annotators conducted five rounds of iterative
inductive and deductive coding, cycling between steps 2 and
3, before finalizing themes. In a final verification step, an-
notators labeled a new set of 245 unique narratives with the
codebook and discussed any uncertain instances. In total, the
thematic analysis was conducted with 645 narratives.



Results. Our analysis reveals 12 themes describing dece-
dents’ online activities, as depicted in Figure 1. As detailed
below, each theme is related to a different phase of risk from
the IMV model (shown in yellow, orange, and red in the top
row of boxes in Figure 1) and a different transgression of
Durkheim’s norms (shown in light green and light blue in
the bottom row of boxes). Table 2 describes each theme.

We identified three themes related to Harm to Self (right-
most purple box in Figure 1): graphic disclosure (disclos-
ing suicidal intent by posting photos/videos of the suicide
in progress or of the means of death), disclosure (non-
graphic ways of disclosing suicidality online, including di-
rect references or allusions to ideation or intent), and con-
suming content about self-harm and suicide (including web
searches about means of death, participation on suicide
forums, watching suicidal videos, etc.). These behaviors
transgress norms of regulation (e.g., most sites have poli-
cies against discussions of harm or violence), and are likely
linked to volitional moderators that help decedents identify
their means of death and reduce fears about their suicide.

Next, we identified three themes related to Harm to Oth-
ers (second purple box from the right in Figure 1): where the
decedent is the perpetrator of harm (e.g., decedent bullies
someone, engages in illicit activities, or creates/posts violent
or explicit content unrelated to their own suicide); where the
decedent is the victim of harm; and where the decedent con-
sumes content showing harm to a real or fictional other (in-
cluding violent video games, watching videos of violence,
etc.). These behaviors also transgress norms of regulation
as they violate policies of many online sites, and are likely
linked to volitional moderators that may desensitize some-
one to violent imagery and thoughts of death.

We found another set of three themes related to Interper-
sonal interactions (middle purple box in Figure 1): includ-
ing online conflicts (both conflicts that initiate/progress on-
line and conflicts about online activities); personal sharing
(sharing of private or intimate content, negative emotional
states, etc.); and online relationships (i.e., interactions with
an individual who they primarily know online for long du-
ration or with a high degree of personal sharing, including
romantic relationships, friendships, sex solicitation, etc.).
These online behaviors may represent threats to self mod-
erators and transgress norms of integration, since they may
involve greater intimacy than is typical in online spaces.

Two themes related to Activity Levels online (second pur-
ple box from the left in Figure 1): withdrawal from, cessa-
tion of, or low levels of online activities (including cases
where a device is taken away because of a disciplinary act
from a guardian); and, in contrast, intensifying or high levels
of online activities. These behaviors transgress norms of in-
tegration by increasing or decreasing the frequency of online
interactions. They may be linked to motivational moderators
that convey underlying themes of thwarted belongingness or
to threats to self moderators as they indicate a drop in social
problem solving skills.

One final theme related to Life Events and Stressors
emerged from the thematic analysis (left-most purple box in
Figure 1): problems with online schooling. These problems
often violate norms of integration and regulation, as students
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had less interaction with peers and had to adjust to the new
norms of online education (NCES 2024).

The broad range of behaviors captured by our themes sug-
gests that there are several key points of intervention that are
often overlooked in analyses of suicide risk online. This in-
cludes a set of activities that can increase the risk of suicide
at each step from triggering events to suicide death. While
some of these behaviors have already been studied in the lit-
erature, studying online trace data in isolation often fails to
capture the context of online behaviors that leads to suicide
(Jaycox et al. 2024). Using NVDRS narratives allowed us to
more directly examine each behavior relative to a confirmed
suicide and to examine the trends within confirmed suicides
rather than suicidality more generally.

Modeling Themes Related to Online Activities

After developing these 12 themes, we next used zero-shot
learning to estimate their frequency in the full sample.

Methods. Per the terms of the data use agreement,
the NVDRS narratives can only analyzed with open-
source language models served on a pre-approved sub-
set of our institution’s computing infrastructure. Our ex-
periments test instruction-finetuned versions of four of the
highest-performing open-source LLMs to date: Llama3.1-
8B-Instruct (Dubey et al. 2024), Qwen2.5 (Yang et al. 2024),
Phi 3 (Abdin et al. 2024), and Mistral-7B-Instruct-v0.3
(Jiang et al. 2023). Given computing constraints, we opt
to use the smallest versions of each of these models. Since
these smaller LLMs are the most accessible to the public
health research community, an important contribution of this
work is developing a prompting framework that to effec-
tively identify complex themes using these LLMs. Models
are run in a CUDA 12.4 environment, using Python 3.11.9
with one NVIDIA RTX A6000 GPU.

Pipeline. We developed an iterative prompting approach
to identify and classify decedent’s online engagement in the
narratives. The pipeline is described below. The full text of
all prompts is given in Appendix: Prompts.

Step 1: Splitting Narratives into Sentences. First, we
prompted the LLM to break the narratives into individual
sentences. This accounts for the LLM’s difficulty in process-
ing the full narrative due to their smaller context length (nar-
rative are often 20+ sentences). For instance, when prompted
using a full narrative, the model had much lower recall in
recognizing online activities in Step 2 of the pipeline (52.4
full narratives vs 94.5 sentences).

Step 2: Identifying Online Activities. Second, we
prompted the LLM to identify references to online spaces
using a four-step chain of thought prompt. This accounted
for the LLM’s poor performance in distinguishing between
online behaviors of interest identified in our thematic anal-
ysis and their offline counterparts (e.g., including an offline
argument in the online Conflict theme). Without this step in
the pipeline, the precision of most themes dropped substan-
tially (e.g., Online School dropped from 68.4 to 55.2).

Step 3: Identifying Sets of Related Sentences. Third, we
prompted the LLM to identify whether pairs of sentences



Category | Theme | TAA (@) | Performance (P/R/F) | Fraction | Fraction Adj.
Harm to Self Graphic Disclosure 0.67 76.9/53.6/63.1 0.0637 0.0912
Disclosure 0.65 90.4/759/82.5 0.4369 0.5203
Self-Harm Content 0.64 65.6/91.7/76.4 0.1128 0.0807
Harm to Others | Perpetrator 0.52 61.9/61.9/61.9 0.0492 0.0492
Victim 0.80 72.0/62.1/66.7 0.0355 0.0411
Other-Harm Content 0.77 100/58.3/73.7 0.0119 0.0204
Interpersonal Online Conflict 0.81 67.2/74.5/70.7 0.1257 0.1134
Personal Sharing 0.41 41.2/28.0/33.3 0.0357 0.0525
Online Relationships 0.75 68.8/68.8/68.8 0.0032 0.0032
Activity Levels | Withdrawing or Low Use 0.60 91.7/75.0/82.5 0.0475 0.0581
Intensifying or High Use 0.80 88.2/51.3/65.6 0.0173 0.0297
Life Events Problems with Online School 0.57 68.4/81.3/74.3 0.0240 0.0202

Table 1: Performance in detecting themes describing online activities by youth who died by suicide. For each theme, we re-
port the interannotator agreement among the 8-person annotation team (IAA), the performance of the zero-shot classification
pipeline (Performance: P = precision, R = recall, F = F1 score), and the fraction of youth decedents the LLLM identified con-
taining the theme (Fraction). Since some themes have imbalanced precision and recall, we also report an estimate of the true

fraction, adjusted for precision and recall (Fraction Adj).

were gramatically or conceptually related to each other.
While most sentences can be correctly interpreted on their
own, this accounted for the fact that sometimes the interpre-
tation of one sentence changes in light of the sentence be-
fore or after it (e.g., “V’s grandmother woke up in the early
morning and went to check on him. V was found on his bed
with an apparent self-inflicted [means of death].”). Without
this step in the pipeline, the recall of a few themes dropped
slightly (e.g., Victim).

Step 4: Delineating Themes. Finally, we introduced
a novel prompting strategy, inspired by decomposition
prompting, for delineating similar themes (Schulhoff et al.
2024). We crafted multiple-choice prompts for a set of 3-
6 themes, to create clear inclusion and exclusion criteria for
each code. For instance, the LLM was often unable to distin-
guish between various aspects of online engagement in these
narratives (e.g., someone posting “goodbye” on Facebook
was classified as Withdrawal instead of Disclosure). The
multiple choice prompt offered the LLM various options for
how to classify a sentence and forced the LLM to choose
between options it may otherwise view as similar. Notably,
the model’s performance did not increase when we allowed
the model to select multiple options from the list; a single
select prompt was required for the model to have this forced
choice and properly apply the inclusion/exclusion criteria
for each code. We crafted four prompts: one whose options
corresponded to the Harm to Self and Harm to Others cat-
egories (i.e., depending on which option the LLM selected,
the sentence would be classified into one of the six themes
under these categories), one for the Interpersonal category;
one for the Activity Level and Life Events themes; and one
to identify the source of information used to get informa-
tion about online activities. Three authors manually tuned
these prompts by refining the options in the multiple choice
question using 30% of the annotated data; performance was
tested on the remaining 70% of the data. Even themes like
Online School that seem distinct from the remaining themes
benefited from this multiple choice prompting approach (F1

112

score of 48.4 with a similarly tuned chain of thought prompt
vs. 74.3 in multiple choice).

Evaluation. We evaluated the performance of our pipeline
using the 645 unique narratives manually annotated in
the thematic analysis, including a subset of 105 multiply-
annotated narratives by 2-4 annotators for inter-annotator
agreement (760 annotations in total). To evaluate the perfor-
mance of the full pipeline, annotators assigned themes after
reading the entire narrative. However, annotators also evalu-
ated Steps 1-3 of the model by annotating these characteris-
tics one sentence at a time.

Results. Steps 1-3 of the pipeline achieve high perfor-
mance at their respective tasks. In Step 1, we verify that
the narrative is split into valid sentences (we reviewed over
18,000 sentences during annotation and all were valid), and
that the narrative is split into sentences without further al-
teration (stringing the edit distance on average less than 1%
of the length of the narrative). In Step 2, the model closely
matches human annotations in detecting whether the nar-
rative mentions any online activities (precision 95.8, recall
94.5,F1 95.1). In Step 3, the model has high recall in pairing
related sentences (88.3), though it also has relatively poor
precision (53.7).

The LLM identified 9,194 of 29,124 (32.9%) cases in the
analytic sample where any of the decedent’s online activi-
ties are described. Since over 97% of American youth report
using the internet daily (Faverio and Sidoti 2024), this result
suggests online activities may be under-reported in NVDRS
narratives. Using the prompt from Step 2, we can detect what
types of technologies are referenced by the narrative. Of the
cases that describe online activities, the majority referenced
messaging (text, chat, etc.) and devices (phones, laptops,
etc.), with about 15% referencing social media or gaming.
There is variation in how often different types of technology
are referenced for each theme (Figure 7).

In addition to the type of technology, over 60% of the
time narratives explicitly report the sources used to get in-



formation about a decedent’s online activities. We find that
10.7% of cases obtain their information from searches of
the decedent’s technology, 54.8% explicitly stated that they
get information from reports from next of kin, 34.5% im-
plicitly suggest that they may get information from next of
kin (e.g., by referencing their communication with the dece-
dent), and 10.6% have an unspecified source of information.
Our prompt achieved 86% accuracy in modeling informa-
tion sources, with most errors conflating implicit and ex-
plicit references to next of kin (Table 3). Our results suggest
that death investigations are often not systematically obtain-
ing information about decedent’s online activities through
searches of their technology. Instead, most are relying on re-
porting from next of kin, who may have more context but an
incomplete picture of the decedent’s online life.

Table 1 shows the performance of the entire pipeline by
theme. Our main results were calculated using Llama3.1-
8B-Instruct, as the other LLMs had worse performance (not
shown). Most themes have F1 scores between 65 and 75.
The moderate performance of our prompts is likely due to
the inherent ambiguity in applying complex constructs to
diverse narratives; the difficulty of the task is evidenced by
our consistently moderate inter-annotator agreement scores
among the authors. Accordingly, the two themes with poor
F1 scores (Personal Sharing and Perpetrator) also have poor
inter-annotator agreement. Since some themes have imbal-
anced precision and recall (typically higher precision than
recall, an overall undercount), we report the raw fraction of
cases containing each theme from the LLM predictions as
well as an estimate of the true fraction, adjusted for precision
and recall. Let F be the fraction of cases the LLM identifies
as being related to a given theme and let P be the precision
and R be the recall of the LLM in identifying this particular
theme in the full dataset. The fraction adjusted for precision
and recall is ' - P/ R, which approximates the true fraction
of the cases related to the theme, including the LLM’s false
negatives and excluding the LLM’s false positives. Many
themes related to the motivational phase of suicide risk are
more likely to be reported when death investigations directly
searched the decedent’s technology rather than using report-
ing from next of kin (Figure 11).

Temporal Variation

Using our fully labeled dataset, we analyze the variation in
references to online activities and in each theme over time.
Current literature has noted seasonality in youth suicides,
with the highest rates of suicide deaths in the spring and fall
months (Hatton, Clark, and Huber 2024). Temporal trends
of factors that contextualize adolescent suicide are equally
important to examine because they can reveal patterns of
increasing warning behaviors, which can inform prevention
programs aimed at raising awareness of these behaviors as
potential warning signs. This is particularly salient for ex-
periences which occur through social media, given the rapid
pace at which social media tools and normative interactions
change within social media.

Methods First, we analyze the temporal trend in how often
NVDRS narratives of youth decedents reference any of their
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Figure 2: There are distinct temporal trends in the number
of suicides among youth (black solid line), the number of
narratives describing online activities of youth suicide dece-
dents (dark gray dotted line), and the number of narratives
that do not describe online activities of youth suicide dece-
dent (light gray dashed line). For ease of comparison, we
plot the z-scored trend of each time series.

online activities (i.e., the cases identified in Step 2 of the
pipeline, not those from just one specific theme). To do this,
we construct a monthly time series of the number of dece-
dents with narratives referencing online spaces and, for com-
parison, the number of decedents with narratives that don’t
reference online spaces. For consistency, the time series in-
cludes only decedents from states that reported into NVDRS
during the entire period; we start the temporal analysis in
2016 instead of 2013, since there were 30 states reporting
into NVDRS in 2016 instead of just 17 in 2013. Using the
method of moving averages, each monthly time series is de-
composed into trend, seasonal, and random components to
create a clearer picture of the temporal variation in the trend
without the added noise created by seasonality. To facilitate
standardized comparison of time series with different scales,
each trend is z-scored. We also analyze the temporal trend in
each of the individual themes using the same approach.

Results Figure 2 shows the z-scored trends in the number
of youth suicide in the 30 states reporting into NVDRS from
2016 to 2022, relative to whether the narrative mentioned
online activities. Overall, there was a large spike in the trend
of youth suicides in early 2018 and a second but slightly
smaller increase in 2021. However, the trend in youth sui-
cides related to online activities exhibited a different pat-
tern, with two prominent spikes: one in early 2017 and a
second prominent one in late 2020. Although it is not pos-
sible to causally link any external factors to the trends, both
of these spikes are concurrent with major national events.
The first spike corresponds to a period of time when several
major sociopolitical events occurred, including the #MeToo
movement, the Women’s March, and the start of President
Donald Trump’s first term. It also coincided with the inter-
national release of TikTok in late 2017. These events cor-
responded to greater social engagement online. Around this
time, the Netflix series 13 Reasons Why was released, which
has been linked to suicide deaths among youth (Bridge et al.
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Figure 3: Two sets of temporal trends among the 12 themes describing online activities of youth suicide decedents: (a) themes
with peaks around April 2017 and (b) themes with peaks immediately after March 2020. Each time series represents the number
of decedents for which the theme was mentioned in the narrative. We plot the z-scored trend of each time series. A plot for each

individual theme is given in Figure 9.

2020). This first spike is present among all youth, suggesting
the sociopolitical climate may have affected youth offline
and online. The second spike corresponds to the lockdowns
and school closures during the COVID-19 pandemic (NCES
2024). This period marked a major structural shift in how
youth engaged in online spaces, including increased screen
time due to the transition to remote schooling, connecting
with friends, and screen-based entertainment. It was also as-
sociated with increases in mass online sharing of urgent, un-
verified health information that likely increased anxiety and
uncertainty. This second spike was significantly more promi-
nent among decedents with online activities, likely because
of the significant shift online during this period.

Figure 3 shows the trends for all themes. For ease of visual
inspection, trends are heuristically grouped into two plots
by the timing of their main peak. A number of themes con-
tribute to the 2017 peak in youth suicides and had a general
decline in frequency from 2017 to 2022, including disclos-
ing suicidality online, perpetration of harm, victimization,
and online conflicts (Figure 3a). This finding is somewhat
surprising, because online disclosures and cyberbullying re-
mained common during this period (Livingstone, Stoilova,
and Kelly 2016; Pourmand et al. 2019) and because the
amount of time spent online by adolescents also increased
between 2016 and 2022. Since adolescent suicidal ideation
and attemps also increased during this time (Brener 2024),
we would anticipate an increase in disclosures and interper-
sonal issues among decedents over time (Faverio and Sidoti
2024). One explanation is that the trend is driven by the ma-
jor dip during 2020, when LE/CME were also less likely
to formally review decedents electronic devices (Figure 10).
This likely occurred in relation to social distancing, when
LE/CME would avoid entering homes during lock down.
The mirrored trends between LE/CME review and other
themes underscores the importance of systematic review for
elucidating and accurately accounting for these exposures
in death reporting. Another explanation for the decline in re-
ported disclosures and interpersonal issues is that youth have
more control and ownership over who sees their online pro-
files, and therefore, it is harder for next of kin and LE/CME
to see disclosures in online spaces. Additional research on
motivations and means of online disclosures and interper-
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sonal issues would help clarify the trend in the present study.

Many themes exhibited a sharp increase between 2020
and 2021, including school problems, withdrawing or in-
tensifying time spent in online spaces, and online relation-
ships (Figure 3b). This trend likely reflects the increased
time spent online during the COVID-19 lockdowns, as well
as some of the unique pressures that accompanied the shift
from in-person to digital spaces. For instance, the online
shift may have increased the frequency and saliency of inter-
personal interactions online, including online relationships
and withdrawals from online spaces. During a time when
there was high amounts of societal uncertainty and anx-
iety, having troubles with online schooling likely exacer-
bated existing feelings of distress. Additionally, USA ado-
lescents were found to spend on average 40% more time on
social media for socialization and entertainment (Marciano
et al. 2022). Spending more time online during lockdown
has been linked to declining mental health (Pantic 2014) and
likely exacerbated feelings of distress by exposing individu-
als to higher amounts of COVID-19 information and misin-
formation. While the lockdowns have ended and are unlike
to reoccur in the coming years, lessons can be drawn from
these findings in the case of future events that increase the
necessity of spending time online.

Heterogeneity by Decedent Characteristics

Finally, we examine the decedent’s demographic and con-
textual variables to better understand trends related to online
spaces and youth suicide.

Methods We fit a logistic regression model to predict each
theme, using several characteristics of the decedents as co-
variates: demographics (age group, sex: male/female, gen-
der: trans/not trans, race, military status), death characteris-
tics (month, day of week, location: home/not home, weapon:
firearm/other), and NVDRS’s abstracted binary-coded cir-
cumstances related to the suicide (problems with school,
mental health, depressed mood, intimate partner, family, and
other relationships). We also use fixed effects to control for
three factors related to how the narrative was written: the
state and year where the data was abstracted, the source of
information used to obtain information about online activi-



Age (ref: 20—24): 10-14
15-19

Sex (ref: Male): Female
Race/Ethnicity (ref: White): AIAN
API
Black
Hispanic
Multiracial
Area (ref: Large—Urban): Small-Urban
Rural
Circumstances: School Problem
Mental Health Problem
Depressed Mood ‘
Intimate Partner Problem
Family Problem
Other Relationship Problem
Weapon: Firearm
Location: Home

~0.50-0.25 000 025 0.50
Regression Coefficient ()

Figure 4: The association between whether the narrative
mentioned any online activities (dependent variable) and the
decedent’s demographics and circumstances (independent
variables). This plot visualizes regression coefficients and
95% confidence intervals. Error bars are adjusted for multi-
ple comparisons using a Bonferroni correction.

ties (next of kin, LE searches, or unknown) (Figure 8), and
the narrative length. These characteristics are provided in the
NVDRS metadata, and demographic characteristics are of-
ten taken from the death certificate. To avoid issues of multi-
collinearity, we verified that all variance inflation factors are
less than 3. Error bars and p values are adjusted for multiple
comparisons using a Bonferroni correction

Results Figure 4 shows the results of the regression for all
mentions of online activity, while Figure 5 shows a heatmap
summarizing the coefficients across all 12 themes; the mag-
nitude and direction of each coefficient is visualized in color
(larger positive coefficients in darker blue, larger negative
coefficients in darker red), with asterisks representing their
significance. For ease of interpretation, we control for but do
not show a number of covariates that do not have consistent
patterns of significance (e.g., race, transgender, military).
Across all mentions of online spaces (Figure 4), the dece-
dent being female, being a student, having a problem at
school, having depressed mood, having an intimate partner
problem, and using a firearm for means of death were all
positively associated with mentions of online spaces in the
narrative, while the location of death being home; being in
the younger age groups of 10-14 and 15-19 (as compared
to 20-24) was also positively associated with mentions of
online spaces in the narrative. Several trends align with ex-
tant knowledge and literature. For example, females tend to
spend more time in online spaces, and that the association
between time spent online and poor mental health was of
greater magnitude for females than males (Twenge and Mar-
tin 2020). Additionally, younger children tend to experience
greater mental health challenges associated with internet use
(General 2021). When examining the specific online experi-
ences, younger decedents were more likely to have viewed
content showing harm to others, experienced online forms of
victimization (e.g., cyberbullying), withdrawn from online
spaces, and had problems with schooling (Figure 5). Some
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of these experiences are also linked to school problems, dis-
proportionately affecting younger decedents who are more
likely to still be in school. Given the dearth of research on
the context or content of online experiences, findings of age
and gender differences in types of online experiences can
be useful for public health programming. It also shows how
challenges that occur offline (e.g., in school) may spill over
into the online domain. However, this dataset only repre-
sents decedents, and therefore we cannot conclusively say
that these experiences are definite risk factors for suicide.

Adding to the literature on the association between forms
of social media exposures and worse mental health (Zsila
and Reyes 2023) are our findings that decedents with nar-
ratives that mention online spaces were more likely to have
had a depressed mood (Figure 4). Interestingly, those with
depressed moods were more likely to share negative emo-
tions through online spaces (Figure 5). Greater public aware-
ness to recognize signs of suicidality being shared through
online spaces could be an important factor to prevent youth
suicide, particularly when posts are done through private
profiles or messaging channels. This is particularly relevant
given the rise in youth-oriented anonymous reporting sys-
tems (Gourdet et al. 2021), and the tendency for youth to
use these spaces to report risk behaviors such as suicidality
or firearm-related events of their peers (Thulin et al. 2024a).
Although personal sharing online can be protective for men-
tal health (Bremer 2005), the references to online spaces in
NVDRS narratives were often negative in nature; this likely
reflects a reporting bias in death investigations, where nega-
tive online interactions are more likely to contribute to death
and are more likely to be noted in investigation reports.

For decedents having relational challenges, such prob-
lems with intimate partners, family, or someone else, sev-
eral themes related to interpersonal problems were also more
likely to occur (e.g., conflicts starting or intensifying through
online interactions, perpetrating harm against another person
or being victimized online) (Figure 5). Contemporary youth
are considered digital natives, where online spaces are a ma-
jor part of their everyday lives. Therefore, it is not surprising
that their interpersonal relationships exist and are informed
within online interactions. While the relationship between
suicide and cyberbullying has been well-studied (John et al.
2018), we found evidence that those with interpersonal con-
flicts were at times acting as perpetrators of harm within on-
line spaces. This may reflect the bi-directional role of cyber-
bullying harassment and bullying, as over a third of youth
who report some form of cyberbullying report being both
victim and perpetrator (Guo, Liu, and Wang 2021). In some
cases, online spaces may be mirroring a broader set of in-
terpersonal problems that an individual is experiencing. An
important step in understanding the context for suicide mor-
tality could be identifying those who are harming others or
experiencing harm online as well as identifying their com-
pounding challenges.

Another finding was the increased likelihood of dying by
fircarm (as compared to another means of death) among
those who graphically disclosed their deaths online (Fig-
ure 5). Graphic disclosures included live streaming or video-
calling their own death. Often in narratives, this sharing was
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Figure 5: The association between each theme (dependent variable) and the decedent’s demographic characteristics and cir-
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non-consensual and resulted in a particularly traumatic way
of informing a loved one, friends, or others within one’s so-
cial network of one’s death. Given the lethality of firearms as
a means of suicide as well as the violence of seeing someone
being shot, this type of sharing could further exacerbate the
emotional, psychological and social effects of loss survivor-
ship (Hanschmidt et al. 2016). As the mechanisms of sharing
is often within an adolescent’s online networks, the stream-
ing of one’s own death could also increase the likelihood of
suicide contagion (Yildiz et al. 2019). Identifying both the
social media behavior (streaming) and the means of death
that is highly probable (firearms) could be important for in-
forming future public health campaigns and ensuring there
are supportive systems in place for individuals who witness
this type of behavior online. However, there exists a tension
in USA around the regulation of social media content, with a
movement towards less content regulation as of early 2025.
Identifying meaningful, efficient and accurate ways to pre-
vent explicitly harmful content from being directed at others
(including through non-consensual sharing, like we found
in this behavior) remains a critical, but unmet need when it
comes to online safety protections for youth in USA.

Discussion and Conclusions

Recent rise in youth suicide highlights the urgent need to
understand how online experiences contribute to this public
health issue (Curtin and Garnett 2023). Our mixed-methods
approach responds to this challenge by developing a set of
themes focused on risk factors for suicide mortality in on-
line digital spaces. One of the persistent challenges in under-
standing the effects of online spaces on mental health out-
comes is the lack of context of online experiences, given the
tendency for scientists to measure online exposure relative
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to time spent online rather than the content or interactions
in the online space (Jaycox et al. 2024). To fill this gap, we
identified 12 specific experiences within online spaces that
were considered by LE/CME or next of kin to be relevant
in contexualizing a given adolescent’s death. We then exam-
ined the demographic, social, and contextual variables asso-
ciated with a given online experience to better understand
trends related to online spaces and adolescent suicide. Our
work has three key implications.

First, we urge the field to examine the intersection of on-
line spaces with suicide deaths. Understanding expressions
of suicidality online is important given that it is often a high-
risk precursor to suicide-related actions during the volitional
phase. However, it is also important to identify multiple
points of intervention online with different relationships to
suicide death (General 2021). Our theory-aligned thematic
analysis found themes related to multiple phases of suicide
risk, including the pre-motivational and motivational phases
that are further upstream from suicide.

Second, our work suggests that there is scope for further
research to estimate how often these behaviors occur in the
population, the associated risks, and identify effective points
of intervention. While our study did not estimate the risks
associated with the themes we identified, future work could
explore doing linked studies with social media data, browser
history, and suicide registries to calculate this risk. Future
work can also use causal inference to examine the associa-
tion between each of the 12 themes we identified and spa-
tially varying events. This includes recent state legislation
such as anti-LGBTQ+ policies, policies affecting access to
mental health care like the Affordable Care Act, and poli-
cies regarding school closures and online learning during the
COVID-19 pandemic. This also includes exposure to large-



scale violence like school shootings, including the location,
scale, and media coverage of each event.

Third, we recommend that existing surveillance systems
more consistently track online activities among youth sui-
cide decedents. Although nearly all youth use social me-
dia and the internet daily, only a third of cases have online
spaces mentioned. Additionally, NVDRS appears to signif-
icantly undercount suicide disclosures via electronic means
among youth; over 90% of cases of online suicide disclo-
sure identified by our study were not indicated as such in
NVDRS. Furthermore, only 11% of narratives referencing
online activities explicitly noted LE/CME’s review of the
decedent’s online activity during the investigation. While
some narratives may not have mentioned a review that oc-
curred, most cases suggest no review was conducted (e.g.,
social media factors were identified by family or friends and
shared with LE/CME). This work suggests the importance
of creating systematic policies and training for LE/CME in-
vestigating youth deaths to include an evaluation of the dece-
dent’s social media and personal devices, and to systemati-
cally document these investigations in NVDRS narratives.

Importantly, our results need to be interpreted in light of
several limitations related to the data. As previously men-
tioned, the narratives are a high-precision but potentially
low-recall catalog of online activities contributing to dece-
dent suicides. Since most narratives only obtained their in-
formation on online activities from next of kin rather than
from systematic investigations of the decedent’s devices, the
risks of omissions are particularly high. The quality of nar-
ratives has been shown to vary over time and by decedent
characteristics (Mezuk et al. 2021), so our findings may
not apply as well to all groups of youth. Additionally, our
themes are inherently complex and, therefore, the theme-
detection framework achieved moderate performance, often
with higher precision than recall. Although we were able to
adjust for the imbalance in precision and recall in the overall
frequencies of each theme, no corresponding adjustment has
been made to the subsequent temporal or regression analy-
ses since we lack sufficient annotated data to estimate how
errors vary over time or by decedent characteristics.
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olating privacy norms, perpetuating unfair profiling,
exacerbating the socio-economic divide, or implying
disrespect to societies or cultures? Yes. NVDRS is a
population-scale registry of suicide decedents in the
USA. While it contains some information that could
be identifying (e.g., demographics, county, and date
of death), it does not have any personally identifying
information. We have access NVDRS through a re-
stricted access data agreement and our use of the data
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Ethics and Broader Impacts

When working with machine learning and large datasets
containing descriptive information about adolescent trauma
and death, there are several ethical considerations and
broader implications of the current findings. NVDRS uti-
lizes police and medical examiner reports to create a pub-
licly available dataset on all violent homicides, suicides,
deaths caused by law enforcement, and unintentional firearm
deaths. As NVDRS is a result of data extraction from reports
of deceased individuals, there are no formal consent proce-
dures from those who have died or from their next of kin.
Police and medical examiner reports are largely treated as
publicly available data, and NVDRS provides publicly avail-
able and restricted versions of data, which can be used to
yield information that is helpful to decision makers, com-
munities, and planners to understand, create interventions,
and ultimately lower the risk of violent deaths.

As described in the paper, there are known biases in nar-
rative length that suggest that the quality of narratives and
amount of information written about decedents is correlated
with their demographic characteristics. For instance, male
decedents and members of certain racial minorities tend to
have shorter narratives. This is likely the result of biases in
law enforcement investigations leading to less information
being known about certain types of decedents. Findings need
to be interpreted with these limitations in mind. We have at-
tempted to center this point in our description of the data in
the main paper. We also account for whether law enforce-
ment investigated a decedent’s technology in order to obtain
information about their online activities, in order to control
for potential biases in quality of investigation.

Although the data in NVDRS is publicly available, as
noted the Health insurance Portability and Accountability
Act (HIPAA), a decedent’s personally identifiable informa-
tion (PII) continued to be protected by the HIPAA Privacy
Rule for 50 years. Direct identifiers, such as the decedent’s
name and identifying document numbers (e.g., driver’s li-
cense) are removed from NVDRS data prior to it being
made publicly available. Additionally, NVDRS does not
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contain personal characteristic data such as photographs, fin-
gerprints, handwriting, nor biometric identifiers like retina
scans, voice signatures, or facial geometry. However, char-
acteristics such as race, place of birth, place of death, and
additional contextual factors presented in narratives could
be linked to social or mass media in order to reverse engi-
neer the identities of individuals. This potential for linkage
and reverse engineering is a reason why established data-
sharing policies by the overseeing federal agency (CDC) and
Institutional Review Board oversight of projects are critical
to guiding research using NVDRS narrative and categorical
data. This includes restricted versions of data for publicly
available data that require additional levels of oversight and
data security. Researchers in academic sectors and beyond
need to not only follow these guidelines, but advocate for
their existence and enforcement to ensure that technologi-
cal advancements paired with rich narrative data involving
adolescents (alive or deceased) do not cause harm.



Appendix A: Prompts
System Prompt

I am a researcher studying suicide risk factors. You are a
helpful AI question answering assistant, who answers all my
questions.

Step 1 Prompt: Split Narrative into Sentences

Split the following narrative into sentences. Format your
output as a list of all sentences in the narrative.

Step 2 Prompt: Detect Online Activities

Note: A narrative has online activities if the answers to 1, 3,
and 4 are all "Yes’

1. Does the following sentence mention technology? An-
swer Yes or No. This includes online spaces, online activ-
ities, social media, web searches, messaging, chat, email,
SMS, texting, viewing or posting content, gaming, online
schooling, distance learning, phones, computers, laptops,
electronic devices, porn, cyberbullying, or other technol-
ogy. Answer Yes or No with no explanation. 2. If yes, what
nouns, verbs, or phrases in the sentence talk about technol-
ogy? Read the full sentence and provide a comma-separated
list of all nouns, verbs, and phrases exactly as they appear
in the text. 3. Do any of the activities involving technology
require internet or SMS? Answer Yes or No. This includes
having devices taken away. This does not include phone
calls, voicemails, and passwords. This does not include men-
tions of phones or computers unless they also mention an
activity that involves internet. 4. Did V (victim) participate
in the activities involving technology? Answer Yes, No, or
Unknown.

You reply in JSON format with the fields "technology’,
‘phrases’, ’internet’, "participate’. If the answer to #1 is No,
’phrases’ should be an empty list and internet’ and ’partici-
pate’ should be No.

Example Sentence: V is a 24-year-old male who was
found with a gunshot wound to the head. Example An-
swer: “technology’:’No’, ’phrases’: [], ’internet’:’No’, "par-
ticipate’:’No’

Example Sentence: His mother called 911 and started
CPR. Example Answer: ’technology’:’Yes’, ’phrases’:
[*called’], ’internet’:’No’, ’participate’:’No’

Example Sentence: The V’s ex-boyfriend called 911 af-
ter his mom sent him text messages stating that V had a
gun and was going to kill herself. Example Answer: ’tech-
nology’:’Yes’, "phrases’: ['called’, ’text messages’], ’inter-
net’:’Yes’, "participate’:’No’

Example Sentence: On review of the V’s phone of-
ficers found numerous websites and chat forums con-
taining suicidal discussions. Example Answer: ’technol-
ogy’:’Yes’, 'phrases’: ['phone’, websites’, *chat forums’],
’internet’:’ Yes’, *participate’:’ Yes’

Step 3 Prompt: Combine Related Sentences

Does some part of the second sentence reference the first
sentence? Answer Yes or No with no explanation.

First Sentence: first

Second Sentence: second
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Step 4 Prompt a: Detect Harm-Related Themes

Note: If the theme is coded as Disclosure if option A’ is
selected; as Graphic Disclosure if on of ['B’,C’,D’] is se-
lected; as Other-Harm Content if one of ['P’,Q’] is se-
lected; as Perpetrator if one of ['F’)K’’L’] is selected; as
Self-Harm Content if one of ['E’M’’N’,O’] is selected;
and as Victim if one of ['I’,’J’] is selected.

In the following sentence, which of the following is true?
Select only one option. Give only the letter with no explana-
tion.

A. V posted on social media, texted, or messaged some-
one indicating they were thinking about suicide, planning to
kill or hurt themselves, or threatened to kill themselves

B. V posted a video, photo, or audio of their own suicide
attempt

C. V posted a video, photo, or audio showing themselves
with a weapon or showing their means of suicide

D. V was live-streaming or broadcasting their own suicide

E. V searched how to kill or hurt themselves online, or
ordered their means of death online

F. V threatened someone else (do not count: threatened to
hurt or kill themselves)

G. V argued with someone

H. V talked about non-suicidal self-harm online

I. V was bullied, harassed, threatened, or harmed online

J. Someone was texting or posting inappropriate or harm-
ful content about V (V was the victim)

K. V harmed someone else online; this includes bully-
ing, threats, inappropriate behavior, explicit activities, hurt-
ing someone, etc. (V was the perpetrator)

L. V engaged in illegal activities online; this includes buy-
ing drugs, soliciting illicit photos, etc.

M. V was on a forum for suicide or self harm

N. V viewed other suicidal content online

O. V viewed other content about weapons or potential
means of death online

P. V viewed other violent content online

Q. V viewed porn or other illegal or explicit content online

R. V was using their computer

S. V texted someone about something else

T. None of the above

Step 4 Prompt b: Detect Interpersonal-Related
Themes

Note: If the theme is coded as Sharing if one of ['H’,'J"K’]
is selected; as Online Conflict if one of ['E’)F’,G’] is se-
lected; and as Online Relationship if one of ['N’,O’] is se-
lected.

In the following sentence, which of the following is true?
Select only one option. Give only the letter with no explana-
tion.

A. V posted on social media, texted, or messaged some-
one indicating they were thinking about suicide or planning
to kill or hurt themselves

B. V posted on social media, texted, or messaged some-
one indicating they were not planning to be around (e.g.,
’goodbye’) OR finality (e.g., ’i love you’)

C. V posted a photo or video of their suicide online



D. V searched how to kill or hurt themselves online

E. V argued about something that happened online

F. V argued with someone online

G. V broke up or fought with a significant other via text
or chat

H. V wrote about non-suicidal self-harm

I. V texted that they loved someone soon before their
death

J. V wrote about their feelings

K. V shared or revealed something about their life

L. V texted a significant other, friend, or parent

M. V texted or posted something else

N. V was in an online relationship

O. V was talking to someone who they primarily knew
online

P. V was being bullied, threatened, or harmed online

Q. V was bullying, threatening, or harming someone else
online

R. V was texting someone

S. None of the above

Step 4 Prompt c: Detect Activity Level and Misc
Themes

Note: If the theme is coded as Withdraw if one of ['J’, O’ P’]
is selected; as Intensify if one of ['B’)C’)D’E’F’] is se-
lected; and as School if ’I is selected.

In the following sentence, which of the following is true?
Select only one option. Give only the letter with no explana-
tion.

A. V posted on social media or messaged someone indi-
cating they were thinking about suicide or planning to kill or
hurt themselves

B. The sentence explicitly says that V was addicted to a
website, app, or online platform

C. The sentence explicitly says that V was spending a
large amount of time or too much time playing video games,
on social media, or other online activities

D. The sentence explicitly says that V spent most of their
time or only wanted to play video games or do other online
activities

E. V had a high level of online activity, including sending
a very high number of text messages, doing a large amount
of online shopping, etc.

F. V wanted to spend time online instead of offline

G. V did not have their phone or computer, or V was not
responding

H. V blocked or cut off contact with one person or a few
people

I. V was doing online schooling and having problems or
upset about it

J. V had stopped using social media, deleted an account,
or withdrew from an online account

K. V wrote a suicide note, gave away their devices or pass-
words, or saw suicidal content online

L. Someone used V’s phone or an app to find V

M. LE or police searched V’s laptop, phone, or browser

N. V’s laptop, phone, or browser were investigated or
searched
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0. V was not allowed to use their phone, computer, gam-
ing, social media, or other electronic devices

P. Someone took away V’s internet, phone, computer,
gaming, social media, or other electronic devices

Q. V had online relationships or online friends

R. V searched the web

S. Someone found V by tracking location on their phone

T. None of the above apply, but V was playing video
games, using their computer, texting, or doing some other
online activity

U. None of the above

Step 4 Prompt d: Detect Source of Information

Note: If the source of information is coded as LE Searches
‘source’ is ‘B’; as Next of Kin (Explicit) if ‘source’ is ‘A’; as
Next of Kin (Implicit) if ‘source_known’ is False and ‘sm’ or
‘nok’ is True; and Unknown otherwise.

In the following sentence:

1- Does it describe V posting on social media?

2- Does it describe contact between V and someone else
(friend, family, significant other, etc.)?

3- Does it explicitly state who reported information about
V’s online activities?

4- If yes, is the information reported by A) next of kin
(friend, family, significant other, etc.) or B) searches of V’s
devices (laptop, phone, etc.) during the death investigation?

Format your response as a json with attributes ‘sm’, ‘nok’,
‘source_known’, and ‘source’.

Keyword Evaluation

Our goal is to use the 51 keyphrases to create a high recall
subset of cases to facilitate a comprehensive annotation of
cases related to online spaces. Using the 695 annotations we
conducted (Figure 6), we estimate precision and recall in
two subsets of the data.

First, in the full dataset, we estimate that the recall of the
keyphrases is near 1 and the precision is 0.804. We annotated
545 cases containing one or more keyphrases and 50 cases
that did not contain any keyphrases. To calculate precision,
we found that 438 of the 545 cases with keyphrases (80.4%)
actually referenced the decedent’s online activities. To cal-
culate recall, we found that none of the 50 cases without any
keyphrases pertained to online activities, giving a recall of 1
in our test set and suggesting near-perfect recall in the full
sample.

Second, we estimate a recall of 0.973 and a precision of
0.937 in a subset of the data that are likely relevant to the
decedent’s online activities and, therefore, where the recall
may be lower. To do this, we prompted Llama-3.1-8B with
the prompt in Appendix Prompts to identify LLM-identified
cases related to the decedent’s online activities, and calcu-
lated precision and recall using 591 annotated instances in
the LLM-identified subset. To calculate precision, we found
that 473 out of 505 (93.7%) cases with keywords actually
referenced the decedent’s online activities. To calculate re-
call, we found that 4.2% of LLM-identified cases did not
contain any of the 51 keyphrases. Of the 4.2% of LLM-
identified cases that didn’t contain our keyphrases, 60% ref-



Category Theme | Description
Harm to Self  Graphic Disclosure Decedent live-streams their suicide, or posts a photograph, video, or audio seg-
ment showing their means of death or suicide plan.
Disclosure Decedent messages or posts online indicating suicidal ideation or plans. This in-
cludes messages expressing some finality (e.g., ‘goodbye’ or ‘I love you’).
Self-Harm Content Decedent searches, views, or shares content about suicide or lethal means.
Harm to Perpetrator Decedent is the perpetrator of some type of harm (physical, psychological, legal,
Others etc.) against another person.
Victim Decedent is the victim of some type of harm, done by another person.
Other-Harm Content Decedent views content online that involves some type of harm (physical, psycho-
logical, legal, etc.) to another real or fictional person.
Interpersonal Online Conflict Decedent is involved in an interpersonal conflict that starts or progresses online,
or whose trigger was an online activity.
Personal Sharing Decedent shares personal information, emotions, or vulnerable information; may
be considered normative in online spaces (e.g., due to context collapse).
Online Relationships Decedent is involved in a relationship (not necessarily romantic) that is primarily
online, has multiple interactions, and involves personal sharing.
Activity Withdrawing or Low | Decedent was less engaged in online activities than usual, had abandoned their
Levels Use online accounts, or had devices taken away (e.g., as punishment).
Intensifying or High | The decedent was frequently using or using more of their online accounts, as
Use reported by next of kin.
Life Events  Problems with Online | Decedent was experiencing problems related to online education, including lack
School of attendance, performance issues, or negative feelings.

Table 2: Themes describing online activities by youth who died by suicide, as reported in NVDRS.

erenced a decedent’s online activities (30 out of 50 anno-
tated cases), and of the 95.8% of LLM-identified cases that
do contain our keyphrases, 96.1% (473 out of 492 annotated
cases) pertain to online activities. Taking a weighted aver-
age of these two subsets gives a recall of 0.973 in the LLM-
identified subset.
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LE Searches | NOK NOK NOK Unknown
(explicit) (implicit: (implicit:
conversation) | social media)

LE Searches 14 2
NOK (explicit) 26 1
NOK (implicit: conversation) 9 15 1
NOK (implicit: social media) 19

Unknown 1 11
Precision 0.93 0.74 1 1 0.73
Recall 0.88 0.96 0.60 1 0.92

Table 3: Confusion matrix depicting the performance of the pipeline to detect the source of information used for a decedent’s
online activities. Results are based on 100 randomly sampled cases where decedents’ online activities were mentioned. The ver-
tical axis depicts labels by a human annotator (ground truth), while the horizonal axis depicts labels by the LLM (predictions).
We also show the precision and recall of each category.

(a) Full Sample (29,124 cases)

Contains Keyphrases

: (10,027 cases, 36.9%)

Contains of the Keyphrases

(19,097 cases, 63.1%) j
€

Annotated Annotated
(b) LLM-Identified Sample (9,602 cases)
Contains Keyphrases Contains of the Keyphrases
(9,194 cases, 95.8%) (408 cases, 4.2%) j
L) Annotated Annotated €

Figure 6: Cases for annotation were sampled using 51 keyphrases, allowing us to up-sample cases that mentioned online spaces
without losing a lot of relevant cases (high recall). This flowchart shows how we sampled narratives to annotate a) during the
thematic analysis (also used for model evaluation) and b) to get a conservative estimate of the recall of the keyphrases (in the
LLM-identified sample).
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Figure 7: Correlation between the type of device mentioned
in the narrative and the theme it’s coded with.
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Figure 8: Correlation between the source of information
mentioned in the narrative and the theme it’s coded with.
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Figure 9: Temporal trend in the number of youth suicide deaths associated with each theme. For ease of comparison, we plot

the z-scored trend of each time series.
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Figure 10: Temporal trend in the number of youth suicide
deaths where information about the decedent’s online activi-
ties came from each source of information: LE (LE searched
the decedent’s technology), NOK explicit (explicit refer-
ences to next of kin reporting information about online ac-
tivities), NOK implicit (the decedent communicated with
next of kin directly or by posting on social media, imply-
ing that next of kin may have reported these interactions
to LE/CME), Unknown (no explicit or implicit indicator of
source of information). For ease of comparison, we plot the
z-scored trend of each time series.
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Figure 11: For each theme, we plot the unadjusted log
odds ratio of cases where the theme was present among
cases where the narrative explicitly indicated the informa-
tion about a decedent’s online activities came from a search
of the decedent’s devices relative to cases where the infor-
mation about the decedent’s online activities came from next
of kin. Most themes related to harm to others and inter-
personal activities, which are in the motivational phase of
suicide risk, are more likely to be mentioned when the de-
vices were searched. This suggests that these themes may
be underreported, as the majority of cases do not use device
searches as a source of information.
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Figure 12: The association between each theme and the decedent’s demographic characteristics and circumstances. For each
theme, a logistic regression is used to calculate these associations using the presence of the theme as the dependent variable and
the decedent characteristics and circumstances as independent variables. The heatmap visualizes the magnitude and direction
of the regression coefficients, with darker blue representing larger positive coefficients, darker red representing larger negative
coefficients, and white representing coefficients closer to 0. The regression coefficient is shown in each cell of the table. Aster-
isks represent the significance of each coefficient (* p < 0.05, ** p < 0.01, *** p < 0.001), with p values adjusted for multiple
comparisons using a Bonferroni correction.
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