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Breaking the silence: leveraging 
social interaction data to identify 
high‑risk suicide users online using 
network analysis and machine 
learning
Damien Lekkas  1,2* & Nicholas C. Jacobson  1,2,3,4

Suicidal thought and behavior (STB) is highly stigmatized and taboo. Prone to censorship, yet 
pervasive online, STB risk detection may be improved through development of uniquely insightful 
digital markers. Focusing on Sanctioned Suicide, an online pro-choice suicide forum, this work derived 
17 egocentric network features to capture dynamics of social interaction and engagement within 
this uniquely uncensored community. Using network data generated from over 3.2 million unique 
interactions of N = 192 individuals, n = 48 of which were determined to be highest risk users (HRUs), 
a machine learning classification model was trained, validated, and tested to predict HRU status. 
Model prediction dynamics were analyzed using introspection techniques to uncover patterns in 
feature influence and highlight social phenomena. The model achieved a test AUC = 0.73 ([0.61, 0.85], 
95% CI), suggesting that network-based socio-behavioral patterns of online interaction can signal for 
heightened suicide risk. Transitivity, density, and in-degree centrality were among the most important 
features driving this performance. Moreover, predicted HRUs tended to be targets of social exchanges 
with lesser frequency and possessed egocentric networks with “small world” network properties. 
Through the implementation of an underutilized method on an unlikely data source, findings support 
future incorporation of network-based social interaction features in descriptive, predictive, and 
preventative STB research.

The World Health Organization (WHO) reports an estimated 703,000 annual deaths worldwide due to suicide, 
making it the fourth leading cause of death among individuals aged 15–29 years1. In the United States alone, 2020 
saw approximately 1.2 million reported suicide attempts2. Suitably identified as a global health threat1, suicide is 
etiologically heterogeneous and phenomenologically complex. Its inherently sensitive, taboo, and, in some cases, 
illegal nature makes studying suicide and its associated mosaic of pre-motivational, motivational, and volitional 
factors3 particularly challenging. However, major shifts in the modus operandi of day-to-day communication, 
specifically the increased reliance on technology-driven social interactions, have provided an inherent ability 
to historically preserve details of social engagement. This has begun to surmount traditional barriers associated 
with studying a relatively rare, phenotypically variable, and socially undesirable suite of thoughts and behaviors. 
Such “digital footprints” of online activity generate an unprecedented amount of information on individual 
thought, action, and reaction which can be leveraged to study suicidal thought and behavior (STB) with greater 
contextual and temporal granularity.

The field of suicidology has rapidly begun to take advantage of this modern digital zeitgeist, leveraging data 
collected from online communities4 and social media platforms5,6 to describe7, detect8, and predict9 STB. Apply-
ing a combination of natural language processing10, network analysis11, and machine learning techniques12, 
among others, research has demonstrated the ability to extract meaningful signals of STB from the content and 
behaviors reflected in online activity. Works have applied and tested prominent suicide theories13, highlighted 
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important semantic features14, characterized conversational topics15, profiled emotion16, studied informa-
tion flow11, and probed one or more specific concepts such as stigma17, anti-mattering18, and negative social 
comparison19. The richness of the data that drive these endeavors is owed in part to source ubiquity and ease of 
access, the potential for interactive anonymity, and a temporal density of sampling that typically characterizes a 
“passively collected” record of internet activity.

Despite the impressive and invaluable collection of scholarly efforts that have developed around this data, the 
literature has largely overlooked patterns in social interaction as potential digital markers of STB. Indeed, efforts 
within network analysis have almost exclusively focused on modeling STB as a complex system of construct 
associations,20 providing insights, for example, into the relative importance (centrality) of different theory-guided 
risk and protective factors.21 This is especially surprising considering the large body of work surrounding the 
applications of social network analysis to the study of related disorders such as depression,22 anxiety,23 eating 
disorders,24 and borderline personality disorder.25.

To the authors’ knowledge, only two studies have explicitly looked at the structure of online social network 
interactions to better understand STB. The first focused on modeling suicidal ideation on Twitter and found a 
higher degree of reciprocal connectivity among users with suicidal content than previously reported in other 
studies on non-suicidal Twitter users.26 In addition, the identification of bridge and hub nodes within constructed 
retweet networks provided evidence for a potential contagion effect, propagating suicidal content to a broader 
audience of non-suicidal individuals.26 A second work looked at a popular Chinese social media platform, Sina 
Weibo.27 Herein, the authors built a series of temporal “moment” networks to graphically describe the interac-
tional patterns of users with and without suicidal ideation. Akin to the previous Twitter work, a contagion effect 
was observed where non-suicidal users expressed suicidal ideation only after interacting with suicidal individu-
als on the platform.27 Together, these efforts underline a clear potential for the ability of online social network 
structures to provide useful insight into the social dynamics of STB.

It is important to recognize that, although there have been tremendous benefits in the utilization of online 
data, the taboo and socially undesirable properties of suicide heavily censor its expression,28 ultimately impos-
ing a limit in the ability to capture naturalistic displays of STB. This censorship can be human, algorithmic,29,30 
self-imposed, or community-driven.31,32 To circumvent these concerns, an ideal scenario would involve the col-
lection of behavioral data from a community where interactions are not tempered by the fear of social reproach. 
Sanctioned Suicide, a self-described pro-choice suicide forum providing an anonymous “safe space to discuss 
the topic of suicide without the censorship of other places,” presents a unique example of an unfiltered, natu-
ralistic medium of online STB communication—a platform that effectively chronicles the social interactions of 
suicidal individuals as they interact with like-minded others to vent, empathize, and share experiences. Probing 
the dynamics of such a community offers an exceptionally rare opportunity to fully leverage many of the afore-
mentioned benefits of online “big data” without needing to contend with the artificiality borne from censorship 
behaviors and practices on mainstream media. Moreover, recent work has indicated that there are novel STB-
related insights to be gleaned from studying the communication of users within this forum.33.

To highlight risk-signaling patterns of social interaction in online STB, the current work marries the methodo-
logical promise of social network analysis with the unusual level of behavioral transparency afforded from data 
collected within a fringe, pro-suicide, online community of like-minded individuals. Specifically, activity across 
N = 192 representative users on the Sanctioned Suicide forum was modeled using network analysis techniques to 
derive social network features that capture interaction and engagement within and across threads. These features 
were then leveraged within a machine learning framework to evaluate and introspect the value of social network-
based interaction patterns as predictors of heightened suicide risk, operationalized in terms of user-expressed 
and community-confirmed suicidal attempts. Accordingly, this research was guided by the following aims:

1.	 Provide a repeatable, social network-based operationalization schema to capture social interaction across 
an online forum.

2.	 Derive network structural features that broadly quantify and summarize community engagement.
3.	 Build, validate, and evaluate a binary classification machine learning model with social network attributes 

as the sole predictors of a (completed) suicide attempt.
4.	 Use model introspection techniques to report on the relative importance and marginal directional associa-

tion of network attributes for outcome prediction.
5.	 Contextualize key network features against the backdrop of suicidology and highlight high-risk social phe-

nomena for further STB-related research.

Methods
Data source characteristics
The pro-choice suicide forum, “Sanctioned Suicide,” served as the digital environment of interest in the cur-
rent study. Sanctioned Suicide presents as an international stigma-free haven of free speech for those who hold 
socially undesirable opinions and attitudes regarding their desire and right to end their lives. The forum provides 
a rare platform on the surface web where users can communicate and share suicide-related thoughts, behaviors, 
and associated negative experiences while remaining anonymous. Although the forum is publicly accessible by 
anyone browsing the internet, there are strict rules and moderation efforts in place to prevent the disclosure of 
personally identifying information. Anyone can read the content presented across the forum, but the ability to 
post and interact with members of the community is granted only to those who complete a screened registra-
tion process. Registration requires acknowledgement of being at least 18 years of age and includes a free-form 
response section where individuals must explain in detail why they want to join. Importantly, no account creation 
or interaction with users on Sanctioned Suicide was carried out by the researchers of this work.



3

Vol.:(0123456789)

Scientific Reports |        (2024) 14:19395  | https://doi.org/10.1038/s41598-024-70282-0

www.nature.com/scientificreports/

All methods concerning the acquisition and processing of data utilized in the current study were carried out 
in accordance with relevant guidelines and regulations. This study (#00,032,141) and all associated protocols 
were approved by the Committee for the Protection of Human Subjects (CPHS) at Dartmouth College. CPHS 
deemed this study and all associated protocols to present no greater than minimal risk to subjects. Accordingly, 
written informed consent was waived and this study “exempt” from further review.

Data collection
A complete record of posting activity within the “Suicide Discussion” subforum of Sanctioned Suicide, from 
inception on March 17, 2018 to February 5, 2021, was programmatically collected and organized as tabular 
data using a custom Python (v3.8) script that primarily leveraged the BeautifulSoup package to parse the site’s 
HTML and XML information.34 This effort resulted in a dataset containing more than 600,000 time-stamped 
posts across nearly 40,000 threads and over 11,000 users. This posting activity information consisted of (i) thread 
title, (ii) thread author, (iii) post author, (iv) post date, (v) post text content, and (vi) direct mentions and refer-
ences to other user comments within the post text. All information, except for post text, was used in this study. 
To impose an added layer of user anonymity, each username was automatically assigned a randomly generated, 
32-character hashed ID. These de-identifying IDs were automatically replaced with all instances of users’ online 
handles within the data prior to subsequent preprocessing and analysis.

Data preprocessing
Cohort sampling and outcome labeling
Aims 3 and 4 of this study concerned the development and introspection of a binary classification predictive 
model that could identify the highest-risk users (HRUs) on Sanctioned Suicide from network-based patterns 
of their social interactions. Adopting the framework of modern ideation-to-action models, the highest risk was 
equated to a current state of active volition,3 herein specifically defined by a written account of a suicide attempt 
while active on the forum. A structured approach to select a subset of appropriate users and identify HRUs was 
devised based on the findings discussed through the New York Times investigation into Sanctioned Suicide35 
as well as the authors’ thorough review of the forum content. Moreover, this strategy was described and utilized 
in a previously published analysis of users on the Sanctioned Suicide forum.33 To reiterate herein, data was first 
filtered by searching for thread titles with the following keywords/phrases: “bus is here,” “catch the bus,” “fare 
well,” “farewell,” “final day,” “good bye,” “goodbye,” “leaving,” “my time,” “my turn,” “so long,” and “took SN.” Of 
note, “catch the bus” is a euphemism adopted by the community to symbolize suicide,33 while “SN” is short for 
sodium nitrate, an increasingly popular chemical used in suicide-related methodology. These terms were used 
to identify “goodbye threads” on Sanctioned Suicide, and thus have the highest probability of signaling for an 
impending attempt. From this scheme, threads were flagged, and each thread was manually read in its entirety. 
The thread author was determined to be an HRU if and only if the following criteria were met: (i) no record of 
post or engagement activity by the user after the date of the last post within the goodbye thread, (ii) no other 
users mentioned seeing the user “online” in their profile status after the date of the last post in their goodbye 
thread, and (iii) the thread contained a “confirmation” or mention of suspected completion as stated by users 
who either allegedly knew the attempter personally in real life or who directly interacted with the user during 
their attempt. These conditions fall closely in line with findings from the New York Times’ investigation which 
linked behaviors on Sanctioned Suicide with real-life suicide incidents.35 As in the previous work,33 this strategy 
resulted in the identification of n = 48 users as attempting, and due to the nature of these threads, the community 
dialog surrounding these attempts, and this study’s filtering criteria, likely completing suicide. Given the ano-
nymity of this platform and the nature of online interactions, it is not possible to have validate the truth of any 
claims; however, this manually and contextually selected group of n = 48 users flags a likely subset of individuals 
for whom this outcome came to pass, ultimately representing among the highest risk users on the platform.

Unsurprisingly, user activity across the forum was highly variable due to a myriad of factors, including the 
amount of time spent as a forum member, total number of posts, posting frequency, and the size or word count 
of posts. For the purposes of the current analysis, it was important to obtain a cohort that was both holistic in 
its representation of activity across the forum and consisted of suitable behavioral controls for the HRUs. To 
accomplish this, each HRU was matched to three control users. Suitable matches were determined based on first 
selecting users with an equivalent duration of time since first posting on the forum (within 2 days and deter-
mined by the difference in days from a user’s most recent post and their first post on Sanctioned Suicide) and 
then selecting users with the closest total number of posts on record. With few exceptions due to three HRUs of 
unusually high activity, this step resulted in controls with a total number of posts that were within one order of 
magnitude of their respective HRU match. Accordingly, n = 144 users were selected as representative controls. 
This yielded N = 192 users for this study’s cohort. Details on the activity of each user in the cohort are available 
as Supplementary File 1. This file also contains results from Wilcoxon rank-sum tests (non-parametric compari-
son of medians, M) which ensured non-significant differences between HRU and control groups based on total 
number of posts (MHRU = 135.5, Mcontrol = 105.5, P = 0.254), total number of words (MHRU = 7391, Mcontrol = 5456.5, 
P = 0.238), and the range (in days) of post activity on the forum (MHRU = 57, Mcontrol = 57, P = 0.996).

Network‑based quantification of forum activity
In line with Aim 1 of this research endeavor, this work derived a consistent and repeatable network-based 
operationalization of forum posting behavior. While there are undoubtedly many ways to justifiably quantify 
forum interaction, the current approach sought to model engagement and exposure where the “thread” was 
the fundamental reference point for quantification. A thread represents an independent and self-contained 
conversation within the broader scope of a forum, initiated and defined on the part of the thread author and 
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open to response from other users who are drawn to its premise and content. A thread can be thought of as a 
microcosm with its own dynamic and evolution separate from other threads and the broader forum universe. To 
holistically capture forum activity for the selected cohort, all threads where at least one of the 192 users initiated 
a thread (thread author), posted in a thread (post author), or was directly mentioned (@[username]) or directly 
quoted ([username] said:) in a thread were first filtered out of the broader dataset. For each of these resulting 
13,796 threads, values were then assigned to interactions among all thread participants based on the nature and 
temporal order of their posting activity within the thread. Inspired from previously operationalizations of social 
capital36 and information flow37,38 within online communities, three rules defined the quantification scheme:

1.	 Self-directed interactions captured the creation of a new thread (and the associated first post in the thread), 
where a value of 1.0 was given to link the thread author to themself.

2.	 If a post contained a mention, that mention was used to assign a value of 2.0 to link from the post author to 
the mentioned user.

3.	 Additionally, each post represented a set of ties which linked from that post’s author to all other users who 
had previously posted in the thread. Moreover, the value of each connection from the post’s author to all 
other previous thread participants varied and was based on the time, in days, between the post of interest 
and the last post made by the target thread participant. The exact value for a user-user dyad based solely on 
making a new post in a pre-existing thread was based on the following decay formula:

where tA is the date of the post of interest authored by User A, and tB is the date of the last post authored by 
User B in the thread. Under this calibration, the magnitude of an interaction drops by half after seven days. This 
means, for example, that User A posting in a thread the same day as when User B last posted holds double the 
weight (1.0) compared to a situation where User A posted one week after User B last posted in the thread (~0.5). 
Essentially, the greater the time elapsed between a new post and the last post of another user, the lower the value 
that new post carries as an interaction between the new post’s author and the other user in the thread. This 
formula is repeated between User A and all users who have previously posted in the thread. Naturally, this does 
not include users who have records of posting in the thread after User A’s post date as they have not interacted 
with the thread up to this point.

Following the application of this scheme, all values belonging to each unique directional dyadic interaction 
(e.g., User A → User B, User B → User A, User C → User A, et cetera) were then summed to represent the total 
magnitude of that dyadic interaction within the thread. Accordingly, these values comprised a weighted edgelist 
with which to ultimately construct directed weighted graphs for network feature extraction. For brevity and 
intuition, this process has been summarized and illustrated in panel A of Fig. 1.

Construction of global interaction networks
Using the networkX package (v2.4) in Python,39 two interaction network types of differing scope were built: (i) 
thread-specific and (ii) thread-agnostic. While the thread-specific networks focused on the summation of inter-
activity within each thread and were built directly from the edgelists derived in “Data Preprocessing” above, the 
thread-agnostic network focused on the summation of interactivity across threads and was built by first collapsing 
all thread-specific edgelists into a single representative edgelist. This was done in the same way as handling repeat 
dyadic interactions within any single thread as described previously. The resulting thread-agnostic network was 
the same for all users in the cohort as it included all interactions for all users in one graph. However, from the 
derived series of thread-specific networks, only a subset of the 13,796 networks comprised each user’s collec-
tion, namely those networks represented by threads in which the user was involved. For reference, this step is 
summarized and illustrated in panel B of Fig. 1.

Extraction of egocentric networks
Egocentric networks are subnetworks within weighted directional networks that include a focal node (ego) and 
all the nodes (alters) that fall within a specified distance (radius) from the ego. The scope and inclusivity of the 
egocentric network can be altered by modulating the radius of interest and by considering both inward-directed 
and outward-directed edges. In the current analysis, egocentric networks were constructed with a radius of 1 
and considered both inward-directed and outward-directed edges simultaneously. Importantly, based on the 
quantification scheme described above, edge weights and distances were inversely related. Therefore, any two 
nodes were closer in distance to each other if their corresponding edge weight was higher. Egocentric networks 
for each user (ego) were extracted using networkX with built-in functionalities for this task. As a result, each user 
had n + 1 egocentric networks, where n is the number of thread-specific egocentric networks (each from a thread 
in which the user was involved), and the “1” accounts for the thread-agnostic egocentric network derived from 
its associated global network precursor. For reference, this step is summarized and illustrated in panel C of Fig. 1.

Derivation of network structural features
To fulfill Aim 2 of this work, seven core network features were calculated for each egocentric network extracted. 
These features were selected because of their common implementation within the applied social network science 
literature and because of their relative interpretive ease. The features broadly fell into two types: those that sum-
marized the overall egocentric network structure (i.e., order, density, transitivity) and those that summarized the 
ego node’s position within the egocentric network (i.e., betweenness centrality, in-degree centrality, out-degree 
centrality, out-degree to in-degree ratio). The networkX package was used to programmatically extract these 

interactionA→B = 1.0 ∗ e
−0.1∗(tA−tB)
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features from each egocentric network. For a user’s thread-agnostic egocentric network, these features directly 
described the local interaction dynamics of the user within the greater context of the cohort’s activity across 
Sanctioned Suicide. However, to further characterize a user’s engagement and capture variability in a user’s local 
embedding within the community, these seven features were statistically summarized across the user’s respective 
thread-specific series of egocentric networks. This yielded 10 additional features for a total of 17 to be used in 

Figure 1.   Data Preprocessing and Modeling Scheme. Note. All presented values and networks are hypothetical 
simplifications of the actual data utilized in analysis and are illustrated here for intuition and summarization 
purposes.
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downstream predictive modeling. Table 1 provides an enumeration and definition of each feature, with contextual 
illustration provided in panel D of Fig. 1.

Machine learning modeling and introspection
The caret package40 in R (v4.0.2) was used to carry out machine learning modeling. Addressing Aims 3 and 4, 
the 17 egocentric network-based features of user interaction on Sanctioned Suicide were leveraged to train and 
validate a binary classification model. This model was built for, and evaluated in, its ability to flag highest risk 
users among N = 192 representative users on the platform using only network-based quantifications of forum 
engagement behavior. To avoid an over-engineered and intractably complex solution for this task, a logistic 
regression model with elastic net penalization41 was used as the core model algorithm. With this strategy in 
mind, a held-out test set of n = 72 users was first derived by randomly sampling 18 HRUs and 54 controls. Using 
data from the remaining n = 120 users (30 HRUs and 90 controls), the model was trained and validated within 
a five-times-repeated, k-fold cross-validation framework with k = 10. To mitigate biases due to class imbalance, 
oversampling of the minority class was performed using the popular and effective Synthetic Minority Oversam-
pling TEchnique (SMOTE).42 Model hyperparameters (alpha and lambda) were tuned to maximize Cohen’s kappa 
using caret’s built-in grid search methodology. The resultant best-fit model was then applied to the held-out test, 
and performance was assessed using metrics of sensitivity, specificity, F1 score, Cohen’s kappa, and the area under 

Table 1.   Egocentric network features for modeling. Note. All features listed were used as predictors for 
modeling. Seven features were derived by extracting egocentric networks from the thread-agnostic interaction 
network (order, density, transitivity, BetwCent, InDegCent, OutDegCent, OutInDegRatio) and 10 features 
were derived by extracting egocentric networks from user-based series of thread-specific interaction networks 
(varOrder, varDensity, varTransitivity, varBetwCent, varInDeg, varOutDeg, varInDegCent, varOutDegCent, 
medOutInDegRatio, total threads). InDegCent, OutDegCent, and BetwCent values were normalized. Feature 
definitions reflect networkX implementations where appropriate. For reference, the mean, minimum, and 
maximum values for each of these features are provided on the entire cohort, as well as HRU and control 
stratifications.

Feature Definition

Mean [Range]

Cohort
(N = 192)

HRUs
(n = 48)

Controls
(n = 144)

order total number of nodes 439.99
[19, 2118]

540.85
[44, 2118]

406.37
[19, 1251]

density ratio of existing ties to total possible ties 0.32
[0.07, 0.73]

0.32
[0.07, 0.73]

0.32
[0.13, 0.71]

transitivity ratio of existing triads to total possible triads 0.56
[0.32, 0.80]

0.55
[0.32, 0.80]

0.56
[0.38, 0.80]

betweenness centrality
(BetwCent)

sum of the fraction of all paths in which the ego is on the shortest path to all 
pairs of alters

0.06
[0.01, 0.45]

0.06
[0.02, 0.26]

0.06
[0.01, 0.45]

in-degree centrality
(InDegCent)

the fraction of alters the ego is connected to, taking only edges to the ego into 
account

0.73
[0.41, 0.97]

0.76
[0.57, 0.97]

0.72
[0.41, 0.95]

out-degree centrality
(OutDegCent)

the fraction of alters the ego is connected to, taking only edges from the ego 
into account

0.71
[0.39, 0.89]

0.71
[0.43, 0.89]

0.71
[0.39, 0.87]

out-in degree ratio (OutInDegRatio) ratio of the sum of all weighted edges directed from the ego to the sum of all 
weighted edges directed to the ego

1.07
[0.31, 3.15]

1.20
[0.51, 3.15]

1.03
[0.31, 2.91]

variance order
(varOrder) variance in order across all user’s thread-specific ego networks 144.53

[2, 1751.62]
180.25
[17.43, 1751.62]

132.62
[2, 1180.52]

variance density
(varDensity) variance in density across all user’s thread-specific ego networks 0.03

[0.01, 0.13]
0.03
[0.01, 0.10]

0.03
[0.01, 0.13]

variance transitivity
(varTransitivity) variance in transitivity across all ego’s thread-specific ego networks 0.04

[0.01, 0.15]
0.04
[0.01, 0.10]

0.04
[0.01, 0.15]

variance betweenness centrality
(varBetwCent)

variance in betweenness centrality across all egor’s thread-specific ego 
networks

0.02
[0.00, 0.12]

0.01
[0.00, 0.07]

0.02
[0.00, 0.12]

variance in-degree
(varInDeg)

variance in the sum of all weighted edges directed to the ego across all ego’s 
thread-specific ego networks

819.60
[10.75, 22,979.64]

964.12
[83.69,
7243.07]

771.43
[10.75,
22,979.64]

variance out-degree
(varOutDeg)

variance in the sum of all weighted edges directed from the ego across all 
ego’s thread-specific ego networks

3033.14
[12.10,
86,751.27]

8274.66
[64.25, 86,751.27]

1285.97
[12.10, 30,066.46]

variance in-degree centrality
(varInDegCent) variance in in-degree centrality across all egor’s thread-specific ego networks 0.14

[0.04, 0.45]
0.14
[0.04, 0.40]

0.14
[0.06, 0.45]

variance out-degree centrality
(varOutDegCent)

variance in out-degree centrality across all egor’s thread-specific ego net-
works

0.11
[0.04, 0.37]

0.11
[0.04, 0.29]

0.11
[0.04, 0.37]

median out-in degree ratio
(medOutInDegRatio)

median of the out-degree to in-degree ratio across all ego’s thread-specific 
ego networks

0.78
[0.14, 2.5]

0.74
[0.14, 1.30]

0.79
[0.22, 2.5]

total threads the total number of threads/thread-specific ego networks comprising the 
ego’s data

106.68
[3, 1101]

158.81
[3, 1101]

89.30
[4, 416]
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the receiver operating characteristic (AUC) curve. Significance in performance was assessed through calculation 
of the 95% confidence area around the AUC as implemented in the MLeval package.43.

Following performance assessment, the model’s prediction behaviors were explored using SHapley Additive 
exPlanations (SHAP) which are based on the Shapley values of game theory.44,45 Where the original Shapley 
values represent relative payouts to players in a cooperative game based on their relative contribution, SHAP 
equates players to features in a prediction task game. As such, SHAP aims to explain the prediction outcome of 
each sample in the dataset by calculating each feature’s marginal contribution to that prediction. The resulting 
values are therefore understood as the relative magnitudes by which features influence prediction outcomes. 
The iBreakdown and SHAPforxgboost packages in R were used to estimate and visualize the SHAP values for the 
model, respectively. The emergence of the most prominent features and their associated model prediction trends 
served as the basis with which to address Aim 5. For reference, these steps are illustrated in Fig. 1E.

Data and code availability
Aligning with Aim 1, transparency, accessibility, and reproducibility are important aspects of this work. All 
Python code used to carry out data preprocessing is available as a commented Jupyter Notebook script in Sup-
plemental File 2. All R code used to carry out machine learning and model introspection is available as a com-
mented R Markdown file in Supplemental File 3. The raw data used to construct all networks in this analysis are 
available as Supplemental File 4. Egocentric network feature data used to train and validate the machine learning 
framework are available as Supplemental Files 5 and 6.

Results
Model predictive performance
Using only network-based features to capture online social interaction patterns, the machine learning model 
attained an AUC of 0.73 ([0.64, 0.82], 95% C.I.) with a corresponding sensitivity of 0.70, specificity of 0.70, F1 
score of 0.78, and Cohen’s kappa of 0.29 in cross-validation. On the held-out test set, the model attained an AUC 
of 0.73 ([0.61, 0.85], 95% C.I.) with a corresponding sensitivity of 0.67, specificity of 0.78, F1 score of 0.77, and 
Cohen’s kappa of 0.31. The receiver operating characteristic (ROC) curve for the model’s test performance is 
shown in Fig. 2A. This significant, above-chance ability to predict HRUs from controls represents a model whose 
underlying predictive tendencies may highlight phenomenologically important links between user behavior 
and suicidal risk. In other words, the performance of the model is not only generally promising for the utility 
of social network-based features for suicide risk prediction but also justifies introspection of its underlying 
decision-making.

Prediction dynamics and influential features
Figure 2B displays the SHAP results from the model and implicates egocentric (i) thread-agnostic network den-
sity, (ii) thread-agnostic network transitivity, (iii) variation in thread-specific network in-degree centrality, and 
(iv) thread-agnostic network in-degree centrality among the most influential features in the prediction of HRUs. 
Moreover, noticeable trends within these features suggest that users with egocentric networks that are (i) more 
sparsely connected, (ii) contain a higher proportion of triadic interactions, or reflect a user with (iv) lower and/or 
(v) less variable in-degree centrality are more likely to be flagged as an HRU by the model. Other notable but less 
influential trends include a tendency toward HRU prediction with decreasing order and a higher median ratio of 
out-degree to in-degree. While not highly influential to the model overall, higher counts of thread involvement 
along with higher betweenness centrality presented as slightly protective of HRU designation.

Discussion
To study STB as it manifests within a modern modality of communication, free from the limitations of censorship 
found on mainstream platforms, this work leveraged data from an unconventional and unique community—the 
pro-choice forum, “Sanctioned Suicide.” Specifically, the interactive qualities of users were operationalized for 
the prediction of heightened suicide risk. Presented in detail, the social network-based approach to quantifying 
patterns of social engagement served to highlight both the overall predictive merit of social network features as 
well as the potential importance of specific socio-behavioral phenomena as precursors to incredibly dangerous 
or fatal suicidal behavior. Through the application of derived social network-based features, the study trained, 
validated, and tested a machine learning model on the data of N = 192 forum users which included over 3.2 mil-
lion unique interactions across three years. The model demonstrated a statistically significant ability to predict 
highest-risk suicidal behaviors on a held-out test set with an AUC = 0.73 ([0.61, 0.85], 95% C.I.). Additionally, 
introspection of the model’s prediction behavior revealed a few key patterns among the social network-based 
feature predictors, placing emphasis on graph density and transitivity, as well as the in-degree centrality of users 
within their local network of interactions.

A well-documented and ubiquitous configuration among widely differing real-world phenomena, including 
social networks, the “small world” network is a graph characterized by a high degree of local clustering with 
cliques that are sparsely connected by a small number of edges.46 These edges link members of the network (and 
their cliques) through a relatively small number of intermediaries, leading to the network’s characteristic short 
path lengths.46 The social network feature of transitivity, which is precisely a measure of local clustering, cannot 
solely be used to satisfy the definition of a small world network; however, high transitivity can suggest dynam-
ics that approach a small world scenario. The SHAP results indicated that thread-agnostic egocentric networks 
exhibiting higher degrees of transitivity were predicted by the model to belong to HRUs. Relatedly, the structural 
feature of density, which is the ratio of existing connections to total possible connections, was found to signal 
for a HRU as its value decreased. Taken together, this suggests that users whose local interaction networks are 
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Figure 2.   Model Framework Performance and SHAP Introspection. Note. (A) The Receiver Operating Characteristic (ROC) curve 
reflects above-chance performance in the binary classification task. The AUC of 0.73 corresponds to an optimal sensitivity of 0.70 
and an optimal specificity of 0.70. (B) The SHapley Additive ExPlanations (SHAP) plot illustrates the ranked relative importance of 
features utilized for the prediction of a (completed) suicidal attempt in the machine learning model framework. The average SHAP 
value for each feature is listed next to its respective variable name. The absolute magnitude of any one average SHAP value does not 
hold any meaning; however, the relative magnitude of average SHAP values can be compared directly. For example, InDegCent (0.104) 
was found to be about twice as influential as order (0.053). Each point on the plot represents a sample (192 for each feature row). The 
color of the point denotes the value of that feature, and the point’s position on the x-axis represents the degree to which the value of 
that feature marginally influenced the model’s prediction. Points falling above 0 (right of center) indicate influence toward the model 
predicting that the outcome will occur, while points falling below 0 (left of center) indicate influence toward the model predicting 
that the outcome will not occur. Accordingly, model prediction dynamics can be ascertained by observing the patterns of how feature 
values are distributed along the x-axis.
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characterized by small subgroups of users that are not highly integrated with each other (i.e., sparsely distributed) 
present as among the highest risk in the community. Future research may benefit from studying users on other 
online communities to see if their STB content or severity is associated with the degree to which their egocentric 
networks mirror small world architecture. This emphasis on user-centric community embeddings and their 
consequences for localized information flow may lead to more robust predictors of suicide risk.

Also germane to information flow, the directionality of interactions was found to hold predictive value in the 
current investigation. The prominence of in-degree, both in terms of centrality and its relative magnitude to out-
degree, suggests further focus on the degree to which an individual is the target or receiver of social communica-
tion/information. SHAP-based prediction dynamics indicate that users with an overall lower in-degree centrality 
and a higher ratio of out-degree to in-degree across their thread-based egocentric networks are more likely to be 
classified as HRUs by the model. This suggests that being a frequent target of social exchanges, posting in threads 
with higher user engagement, or receiving more information for a lesser relative effort of generation/solicitation, 
are protective against making a suicidal attempt while being a user on Sanctioned Suicide. The unique moral 
duality of Sanctioned Suicide—existing simultaneously as both an unconventional “therapeutic” resource that 
discourages the act of suicide and a place to obtain all information necessary to successfully attempt it—makes it 
difficult to hypothesize if these protective trends would be echoed across other mainstream online communities. 
It will, of course, be beneficial for future works to consider the impact of relative “social directionality” on STB 
risk. However, the question of why inwardly-directed social dialog flow was found to be protective specifically 
for Sanctioned Suicide may hint at an imbalanced nature within its duality.

Upholding a pro-choice, censorship-free philosophy, Sanctioned Suicide has deservedly come under fire due 
to public outcry regarding suicides that were believed to have been facilitated through the content hosted within 
its virtual walls.35 The forum’s content covers a variety of topics and themes, with the most concerning in regards 
to the solicitation and sharing of suicide methods-related advice.33 Although this obviates any potentially posi-
tive impact this community has on its highly vulnerable members, it is still important to note that individuals 
come to Sanctioned Suicide for different reasons. While some individuals seek aid in carrying out their plans to 
end their own lives, others join the community to be heard, understood, and validated due to thoughts, feelings, 
and opinions that make them pariahs in their day-to-day lives. This allows them to achieve a sense of belonging. 
Therefore, these users do not necessarily represent imminent attempters as they interact with others, share life 
histories, and bond through a mutual understanding of ideology. From a social network perspective, this means 
that there are users in search of camaraderie who may engage more broadly with the community, and users in 
search of expertise who may engage more selectively with groups of individuals who can provide them with the 
specific resources they need.

Neither archetype is mutually exclusive nor immune to risk. However, the results of the current analysis sug-
gest that individuals who are involved with more highly connected users (higher egocentric network density), 
interact directly or indirectly with a larger number of users (higher egocentric network order), post in a larger 
array of threads (higher total threads), or are more central receivers of information/attention (higher in-degree 
centrality) are less likely to be HRUs than their peers. Conversely, the association and involvement with smaller 
cliques of users (high transitivity and low density) or interaction with a less connected or smaller number of users 
was shown by the model’s prediction tendencies to be HRU signatures. This high-risk labeling of social behavior 
tracks with more topically focused users who engage less with the community at large and interact only with 
individuals whose expertise or interests are relevant to their plans. Echoing a main pillar of the Interpersonal 
Psychological Theory of Suicide,47 the results suggest that thwarted belongingness, expressed here as a social 
network-based positioning among the fringes of a community, which interestingly itself exists at the fringes 
of broader Internet society, is a key component that drives suicidal action. Moreover, other modern ideation-
to-action models of suicide also place emphasis on the importance of social connectedness. For example, the 
parsimonious Three-Step Theory (3ST) of suicide cites connectedness as one of four factors (alongside pain, 
hopelessness, and suicide capability) that determine the development of suicidal ideation and the progression 
to suicidal attempts.48 More specifically, given the presence of both pain and hopelessness, disrupted connect-
edness is theorized to play a major role in the escalation from a passive to an active ideation state.48 Another 
prominent example is the Integrated Motivational-Volitional (IMV) model of suicide which places connected-
ness/thwarted belongingness as a key motivational moderator that influences the progression from entrapment 
to suicidal ideation.3

Other (limited) research on the users of suicide-focused forums has yielded complementary findings. One 
study employed cultural discourse analysis on a pro-recovery suicide forum and found discursive themes relat-
ing to issues of placelessness and entrapment as well as to notions of safe places that are defined in part by the 
presence of empathetic others.49 This pattern reflects the importance of finding community, both physically and 
emotionally, and further supports the centrality of social connectedness as a protective factor. Another work 
focusing on investigating the determinants of loneliness through posts on Reddit, including those contained 
within the suicide subforum, found that temporal trends in loneliness were associated with future posts in the 
suicide subforum, particularly that decreased loneliness led to lower likelihoods of suicide posting.50 Bolstered 
by both theory and these initial empirical findings, a focus toward a more robust quantification of connectedness 
may be fruitful toward improving the detection and prediction capabilities of suicide risk models. More broadly, 
future work will also benefit from a close examination of network features within more mainstream social plat-
forms to see if interactivity shifts which influence an individual’s social positioning within their network may 
indicate a heightened STB risk profile.

Despite the novel insights gleaned from this work, there are several important limitations. First, the analy-
sis only considered the interactive qualities of STB and did not account for the context of these interactions. 
Integration of text-based features found in forum posts (“what is said”) alongside the patterns in how posts are 
communicated (“to whom it is said”) will offer a more complete ability to study how themes of STB evolve and are 
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transmitted as they move through the online community. These considerations should be foci for future work that 
seeks to build on the preliminary findings of this study. Second, while an online community like Sanctioned Sui-
cide has the capacity to offer novel insight into the nature of STB, it is not entirely representative of other modern 
communication platforms with much stricter content policies and mechanisms of censorship (e.g., Instagram or 
Reddit subforums for suicidal ideation). Even though there is value in broadening the collective understanding 
of STB heterogeneity by studying an understudied public face of STB manifestation, it is important to recognize 
that the results cannot strictly serve as a generalization of how STB presents online. Third, SHAP is a method that 
quantifies the marginal influence of a feature on model prediction. Accordingly, multi-feature interaction trends 
were not considered. Fourth, it is important to note that SHAP results reflect the relative importance of features 
for a model’s decision-making processes and thus cannot directly speak to real-world significance. Thus, SHAP-
related findings, while incredibly useful for hypothesis generation, underlining potentially promising emphases 
in future research, nevertheless cannot be leveraged for hypothesis testing on natural phenomena. Lastly, the 
strictly anonymous nature of Sanctioned Suicide, while importantly protective of users, precluded the ability to 
assess the sociodemographic profile, heterogeneity, and global representativeness of the cohort.

STB is pervasive across the World Wide Web, and there is a concerted effort among suicidology and data 
science researchers to understand, detect, and prevent it. The research presented herein contributes to this effort 
through the implementation and assessment of an underutilized quantitative approach on a rare, naturalistic 
corner of the broader internet ecosystem. Taken together, the results promote the idea that future research efforts 
should incorporate network-based features of social interaction into their exploration and analysis pipelines. 
Pairing these network-based features with other proven digital markers of STB risk may improve data-driven 
suicide prevention efforts. As the world’s social fora become larger, more integrated, and increasingly virtual, a 
rich and variable analytical toolkit for deconstructing their many digital incarnations will be a powerful weapon 
to combat STB and offer timely aid to an ailing and highly vulnerable population.

Data availability
The raw data used to construct all networks in this analysis, the egocentric network feature data used to train and 
validate the machine learning framework, as well as all (commented) code used to carry out data preprocessing 
and modeling is available in the supplementary files as labeled.
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