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A B S T R A C T

Individuals with a history of non-suicidal self-injury (NSSI) are at alarmingly high risk for suicidal ideation (SI),
planning (SP), and attempts (SA). Given these findings, research has begun to evaluate the features of this multi-
faceted behavior that may be most important to assess when quantifying risk for SI, SP, and SA. However, no
studies have examined the wide range of NSSI characteristics simultaneously when determining which NSSI
features are most salient to suicide risk. The current study utilized three exploratory data mining techniques
(elastic net regression, decision trees, random forests) to address these gaps in the literature. Undergraduates
with a history of NSSI (N = 359) were administered measures assessing demographic variables, depression, and
58 NSSI characteristics (e.g., methods, frequency, functions, locations, scarring) as well as current SI, current SP,
and SA history. Results suggested that depressive symptoms and the anti-suicide function of NSSI were the most
important features for predicting SI and SP. The most important features in predicting SA were the anti-suicide
function of NSSI, NSSI-related medical treatment, and NSSI scarring. Overall, results suggest that NSSI functions,
scarring, and medical lethality may be more important to assess than commonly regarded NSSI severity indices
when ascertaining suicide risk.

1. Introduction

Suicide is a major public health problem, ranking as the second
leading cause of death among adolescents and adults ages 15–24
(Centers for Disease Control, 2014). Although a large body of research
has identified numerous risk factors for suicidal behavior, a recent
meta-analysis suggests that these risk factors are weak predictors of
suicidal thoughts and behaviors, resulting in a relatively poor ability to
predict its occurrence (Franklin et al., 2017). In turn, rates of suicide
have continued to increase (Curtin et al., 2016). However, exploratory
data mining (EDM) techniques recently have allowed researchers to
examine risk factors simultaneously in multivariate predictive models
that can meaningfully augment the prediction of suicidal behavior (e.g.,
Kessler et al., 2017; Kessler et al., 2015; Walsh et al., 2017). Indeed,
such procedures have recently significantly improved accuracy (e.g.,
AUC = 0.84; Walsh et al., 2017) in predicting suicidal behavior and
have resulted in substantially larger effect sizes than studies of singular
risk factors (Franklin et al., 2017).

One population exhibiting elevated suicide risk that may particu-
larly benefit from the application of these novel techniques comprises
individuals who engage in non-suicidal self-injury (NSSI). NSSI is the
direct, deliberate destruction of one's body tissue performed without
suicidal intent (Nock, 2009). The behavior is often carried out based
on its interpersonal (e.g., interpersonal influence) and/or in-
trapersonal (e.g., affect regulation) functions (Nock et al., 2006). Al-
though without suicidal intent, engagement in NSSI significantly in-
creases one's risk for subsequent engagement in suicidal behaviors
(Hamza et al., 2012; Klonsky et al., 2013). Indeed, among individuals
with a history of NSSI, a staggering percentage also has engaged in
suicidal behavior (up to 70%; Brausch and Gutierrez, 2010; Cheung
et al., 2013; Nock et al., 2006; Paul et al., 2015). Despite the clear
high-risk nature of this population, EDM techniques have yet to be
employed to improve suicide risk prediction among individuals with a
history of NSSI.

A recent meta-analysis of risk factors for suicide attempts (SA)
among those with a history of NSSI found that NSSI features (i.e.,
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frequency of engagement, number of methods employed) were the
most potent predictors of SAs, second only to suicidal ideation (SI;
Victor and Klonsky, 2014). This provides strong evidence that the
characteristics of NSSI itself may be more important in quantifying
suicide risk among self-injurers, compared to other clinical indices
(e.g., depression, impulsivity, borderline personality disorder) con-
sidered important risk factors for suicidal behaviors in the general
population (Victor and Klonsky, 2014). Overall, this research under-
scores the importance of confirming the relationships between NSSI
characteristics previously demonstrated to be associated with SI and
SA. Furthermore, it sheds light on the importance of exploring the
potential risk associated with more varied and understudied facets of
NSSI, as they may further augment our ability to predict SI and SA in
this population.

Given the consistent findings of a risk relationship between NSSI
and suicide-related outcomes, a small, but growing, body of research
has begun to evaluate what features of this multi-faceted behavior may
be most important to assess when quantifying risk for SI and SA. This
research has identified the following NSSI features as potentially im-
portant: frequency (Paul et al., 2015), method of cutting (Victor and
Klonsky, 2014), experience of pain (Ammerman et al., 2016; Nock
et al., 2006), medical severity (Burke et al., 2015), scarring (Burke
et al., 2015), and engaging in NSSI alone as opposed to with others
(Glenn and Klonsky, 2009). Research also has suggested that motiva-
tions (e.g., functions) for NSSI may be important predictors of SI and SA
(Nock and Prinstein, 2005; Paul et al., 2015); however, this research
has been somewhat mixed, likely due to variability in operationalizing
NSSI functions. For example, one study examining the relationships
between 17 specific NSSI functions and SI/SA found that most of the
functions were predictive of SA, whereas only the interpersonal com-
munication and anti-dissociation (i.e., feeling generation) functions
were predictive of SI (Paul et al., 2015). In another study examining
four classes of functions, as opposed to individual functions, only in-
trapersonal negative reinforcement (i.e., reducing negative affect) was
associated with recent SA (Nock and Prinstein, 2005). These findings
were further supported through research utilizing latent class analysis,
which identified a subgroup of self-injurers characterized by high levels
of intrapersonal functions as well as SI and SA (Klonsky and Olino,
2008). Generally, the small body of research examining NSSI functions
and SI/SA suggests the importance of intrapersonal functions, yet, it
remains unclear which intrapersonal functions are most important and
the extent to which interpersonal functions also play a role. Thus, re-
search is needed to clarify which functions may be most associated with
SI and SA.

Despite the growing body of research examining the association
between NSSI features and SI/SA, several NSSI features remain under-
studied (Victor and Klonsky, 2014). For example, no studies, to our
knowledge, have directly examined whether NSSI location is associated
with SI or SA. However, a recent study found that individuals with
borderline personality disorder (BPD), a population at increased risk for
SI/SA (Oldham, 2006), engaged in self-injury in locations that are more
visible/exposed than self-injurers without BPD (Stroehmer et al., 2015),
offering indirect support for the idea that location may be related to SI/
SA. Additional features deserving further attention with respect to
prediction of suicide-related outcomes are NSSI medical severity and
scarring from NSSI (Burke et al., 2015), as well as time from urge to
action, desire to cease NSSI, likelihood of engaging in future NSSI, and
age of NSSI onset (Ammerman et al., 2017). Given the limited research
examining these characteristics coupled with their promise in im-
proving SI/SA predictive models, the current study aimed to investigate
the importance of such NSSI features in the occurrence of suicide-re-
lated outcomes.

1.1. The current study

Although research has begun to utilize EDM techniques to improve
the ability to predict suicidal behavior, no studies, to our knowledge,
have applied these techniques to improve suicide risk prediction among
individuals with a history of NSSI. Moreover, no studies have examined
the previously identified NSSI characteristics simultaneously within a
predictive model to determine which features are most salient to con-
sider when performing suicide risk assessment. Such information would
be useful to researchers and providers who currently have minimal
guidance on which NSSI features among many may denote high suicide
risk classification. Investigating these NSSI characteristics simulta-
neously is important given their significant shared variance. The cur-
rent study aimed to identify which NSSI features are most important in
predicting SI, suicide planning (SP), and SA, considering a total of 58
NSSI features. In order to be able to comment on the relative im-
portance of NSSI features as compared to well-established predictors of
SI, SP, and SA, we also included depressive symptoms and demographic
variables in all predictive models, in addition to including SI and SP as
indicators when predicting SA. Based on prior literature (Victor and
Klonsky, 2014), we hypothesized that the NSSI characteristics of fre-
quency and number of methods would emerge as important predictors
of SI, SP, and SA. Additionally, we hypothesized that the intrapersonal
functions of anti-suicide and anti-dissociation would also emerge as
important predictors of SI, SP, and SA (Paul et al., 2015). We predicted
that these NSSI features would emerge as important, even after con-
sidering depressive symptom severity in all models and SI and SP in the
SA model.

2. Method

2.1. Participants and procedures

Participants (N = 1082) were undergraduate students enrolled in a
large, northeastern university recruited from psychology classes in ex-
change for class credit; participants completed all study procedures
online. All procedures were reviewed and approved by the university
Institutional Review Board. Participants were eligible for the study if
they were able to complete study measures (i.e., read and speak pro-
ficiently in English, maintain normal or corrected vision) and if they
were age 18 or older. Validity items were included in the online study
to ensure data integrity. Participants (n = 3) who failed greater than
50% of these data integrity items were excluded from the analyses.

The final sample consisted of 359 (33.2%) participants who com-
pleted the online screening survey and reported a history of NSSI. There
were no significant demographic differences between individuals who
reported a history of NSSI and individuals who did not. Participants
who reported a history of NSSI also reported elevated SI, 90 (25.1%), as
measured by the Beck Scale for Suicidal Ideation (BSS; Beck and Steer,
1991) compared to those who did not report a history of NSSI, 53
(7.4%), and this difference was statistically significant, Χ2(1) = 65.34,
p< .001. Additionally, participants who reported a history of NSSI, 33
(9.2%), were significantly more likely than those without a history of
NSSI, 7 (1.0%), to report having a SP, Χ2(1) = 45.34, p< .001. Like-
wise, participants with a history of NSSI, 51 (14.2%), were significantly
more likely to report a past SA compared to 15 (2.17%) participants
without a history of NSSI, Χ2(1) = 61.31, p< .001. Demographic
characteristics (age, gender, race) for the sample are reported in
Table 1. Of the 359 participants who endorsed a history of NSSI, 14
participants evidenced a small portion of missing data (a total of 2%
missingness among the 14 participants). Because the rate of missingness
was low, we opted for single imputation using default methods from the
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mice package in R (Buuren and Groothuis-Oudshoorn, 2011). The NSSI
characteristics of the final sample (n = 359) have been summarized in
Supplementary Table 1. Among the final sample, 25.1% reported past
week SI, 9.2% reported past week SP, and 14.2% reported a lifetime
history of SA. Descriptive statistics were run to determine whether the
demographic characteristics were significantly correlated with the
study outcomes of SI, SP, and SA. Race was significantly associated with
SI (X2(4, N = 359) = 17.33, p = .004),1 but was not associated with SP
or SA. Of note, participants completed several measures that were not
included in the current study's analyses. These measures assessed body
scarring and modification, as well as body investment, self-esteem,
social anxiety, and social support.

2.2. Measures

2.2.1. Predictor Variables
2.2.1.1. Demographics. Age in years, gender, and race were included as
indicators in all models.

2.2.1.2. Depression. The Beck Depression Inventory-II (BDI-II; Beck
et al., 1996) is a self-report questionnaire that measures depressive
symptom severity. Participants rate each of the 21-items on a 4-point
Likert Scale and higher scores signify greater depressive symptom
severity. The BDI-II has evidenced strong test-retest reliability and
convergent validity (Beck et al., 1996; Storch et al., 2004). The internal
consistency in the current sample was excellent (α = 0.93).

2.2.1.3. NSSI forms and characteristics. A modified version of the
Deliberate Self-Harm Inventory (DSHI; Gratz, 2001) was used to
assess 17 different forms of NSSI behavior. The DSHI was amended to
ensure that participants did not report on any behaviors enacted with
suicidal intent. If a participant endorsed a NSSI behavior, seven follow-
up questions assessed the age at onset, frequency (lifetime and past
year) and recency of behavior, years of engagement (not used in the
current study), and whether the behavior has ever resulted in
hospitalization or medical treatment. Additionally, participants were
queried on 18 potential locations of their NSSI, answered with a yes/no
response, a section that was added to the original DSHI. Example
locations included arm/wrist, neck/throat, thigh, and lower leg/ankles.
Previous studies have supported the psychometric characteristics of the
DSHI in a university-student sample (Fliege et al., 2006; Gratz, 2001).
Finally, the individuals’ behavioral forecast of future engagement in
any form of NSSI was assessed through an additional item added to the
DSHI (e.g., “If you were feeling bad in the future, how likely would you

hurt yourself intentionally (without intending to kill yourself) as a way
to cope?”), measured on a five-point Likert-type scale (“Not at all likely”
to “Very likely”).

2.2.1.4. NSSI scarring. Participants were asked to report on whether
NSSI behaviors resulted in a visible mark or scar via an additional
question added to the DSHI. If participants endorsed having a visible
mark or scar from NSSI, participants were asked to report number of
current scars.

2.2.1.5. NSSI subjective experiences. The second section of the Inventory
of Statements about Self-Injury (ISAS; Klonsky and Glenn, 2009) was
used to assess additional characteristics associated with an individual's
subjective experience of their NSSI, including experience of pain,
presence of others during NSSI, time elapsed from urge to action, and
desire to stop self-injurious behavior. We adapted these questions to
assess an individual's overall subjective experience of NSSI (as opposed
to their experience only in relation to their main form of NSSI as in the
original ISAS). Questions regarding subjective pain and presence of
others during NSSI had a multiple choice format (e.g., Yes, Sometimes,
and No). Desire to stop self-injurious behavior was assessed with a yes/
no response.

2.2.1.6. NSSI functions. The third section of the ISAS (Klonsky and
Glenn, 2009; Klonsky and Olino, 2008) was used to assess functions of
NSSI behavior. This scale includes 39 self-report items that assess 13
functions associated with NSSI. Each function loads onto either an
intrapersonal (e.g., affect regulation, self-punishment, anti-dissociation,
distress, and anti-suicide) or an interpersonal factor (e.g., interpersonal
boundaries, autonomy, peer bonding, interpersonal influence,
sensation-seeking, strength, revenge, and self-care; Klonsky and
Glenn, 2009). The intrapersonal factor (α = 0.85) and the
interpersonal factor (α = 0.74) both demonstrated good internal
consistency in this sample.

2.2.2. Outcome variables
2.2.2.1. Suicidal ideation and suicide planning. The Beck Scale for
Suicidal Ideation (BSS; Beck and Steer, 1991), a 19-item self-report
scale, was used to assess SI and SP within the past week. In the current
study, we created a composite score of current (prior one-week) SI (14
items) and SP (4 items) based on corresponding items in the BSS. We
excluded one item reflecting access to means, as this does not indicate
SI or SP. We then categorized participants as having SI if they had a
non-zero score on the SI items and categorized participants as having SP
if they had a non-zero score on the SP items. Previous studies have
determined that the BSS has good psychometric properties (Chioqueta
and Stiles, 2006). The full BSS demonstrated good internal consistency
in this sample (α = 0.79). After modification, the BSS-SI items and the
BSS-SP items also each demonstrated adequate to good internal
consistency (SI = 0.73; SP = 0.62).

2.2.2.2. Suicide attempt history. Suicide attempt history was assessed
using the following yes/no question, “Have you ever attempted to kill
yourself?”

2.3. Data analysis

In the current analyses, we employed three EDM (McArdle and
Ritschard, 2014) methods: elastic net regression (Zou and Hastie,
2005), decision trees (DT; Therneau et al., 2017), and random forests
(Breiman, 2001). To prevent selecting a model too complex for our data
(overfitting), we used repeated 10-fold cross-validation to select a final
model. Given the nonlinear (DT, random forests) and adaptive (elastic
net) nature of the methods, as well as the large ratio of predictors (62
for SI and SP models; 64 for SA model) to sample size (359), variants of
DTs, random forests, and elastic net were chosen that explicitly

Table 1
Demographic and clinical characteristics of the NSSI sample (N = 359).

No SA History (n = 308)* SA History (n = 51)*

Age (Mean, SD) 20.40 (2.70) 20.38 (5.25)
Female gender (n, %) 229 (74.40) 40 (78.40)
Race/Ethnicity (n, %)
White 193 (62.70) 35 (68.60)
Black/African-American 43 (14.00) 4 (7.80)
Asian 39 (12.70) 4 (7.80)
Biracial 19 (6.20) 6 (11.80)
Other 14 (4.50) 2 (3.90)

* Age statistics were calculated excluding participants who reported inconsistent va-
lues (i.e., values less than 0).

1 Post-hoc follow-up analyses were conducted to determine the effect of ethnicity on SI
using Fisher's exact chi-square tests. White, South Asian, Biracial, and participants who
identified as “other race” endorsed SI more frequently than Black participants.
Additionally, South Asian, Biracial, and participants who identified as “other race” en-
dorsed SI more frequently than East Asian participants. Results from these post-hoc
analyses are available from the corresponding author. As cell counts were low, caution is
advised when interpreting these results.
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incorporate forms of cross-validation in order to control for the pro-
pensity to overfit and to perform variable selection as a way to reduce
the predictor to sample size ratio.2

2.3.1. Elastic net regression
In order to perform subset selection, we searched for methods be-

yond either backward or forward stepwise selection. The shortcomings
of stepwise procedures have been sufficiently documented (e.g., Harrel,
2015), so no further detail is provided. Instead, detail regarding an
alternative, more recently developed procedure is given. This proce-
dure, elastic net regression (Zou and Hastie, 2005), is a form of reg-
ularized regression that shrinks coefficients to zero while also over-
coming problems when predictors are highly correlated. Elastic net
regression can be seen as an extension of linear regression, but with a
penalty added to induce sparsity, or more beta coefficients set to zero
than would be the case with ordinary least squares (OLS) regression.

Elastic net regression adds penalties to each of the regression
coefficients in a linear regression model. By increasing the penalty, each
coefficient is driven towards zero. Through the use of cross-validation,
running the model on a subset of the sample, then testing this model on
a holdout sample, a final model (with a single penalty value) is chosen
that is thought to demonstrate the best generalizability. In many cases,
this final model has regression coefficients estimated as zero, thus
performing subset selection. Given the propensity for this procedure to
result in estimates biased towards zero (Hastie et al., 2009), we first
identified the nonzero paths, and then ran an unconstrained model
(linear regression with no penalties) using only these variables in the
model. This is an extension of the relaxed lasso (Meinshausen, 2007).
Although the elastic net does not estimate p-values to test the sig-
nificance of each predictor, using cross-validation to find regression
coefficients with non-zero parameter estimates can be thought of as a
form of identifying which predictors are “important” (e.g., Laurin et al.,
2016). Using repeated cross-validation to choose a final model attempts
to derive results with an eye on generalizing to alternate samples. We
used the glmnet package (Friedman et al., 2010), interfaced through the
caret package (Kuhn, 2008), to run the elastic net regression models,
with tuning parameters of both the penalty and alpha (mixing between
ridge and lasso penalties) in the R statistical environment (R Core
Team, 2016). In all elastic net regression models, we selected the
simplest model within 1 standard error of the minimum fit.

2.3.2. Decision trees and random forests
So as not to limit our hypothesized relationship between predictors

and outcomes to linear models, we also used a form of DTs. DTs are one
of the most popular methods that fall under the umbrella of EDM, and
they form the basis for a number of more flexible and advanced
methods. DTs can be thought of as simple nonparametric regression
models for use with both continuous and categorical outcomes. DTs
select a subset of the predictors to split on, creating binary splits at
cutoff values of the selected covariates. This allows for easily inter-
pretable tree structures that allow for the inclusion of nonlinear re-
lationships and interactions between predictors.

To create tree models, we used the rpart package (Therneau et al.,
2017) in the R statistical environment (R Core Team, 2017); the algo-
rithm builds binary trees for both classification and regression models.
One of the most popular DT algorithms, it is based on the commercial
software implementation of Classification and Regression Trees (CART;
Breiman et al., 1984). We interfaced rpart through the caret package,

using repeated cross validation to select a final model among 50 com-
plexity parameters. Similar to the elastic net regression models, we
selected the simplest model within 1 standard error of the minimum fit.

Finally, given the propensity for parameter instability in DTs (e.g.,
Berk, 2008; Hastie et al., 2009), we included random forests (Breiman,
2001) as a way to derive a more stable estimate of variable importance
using tree models. Random forests can be thought of as creating a large
number of individual decision trees (e.g., 100), with a bootstrap (or
subset) of the sample and a subset of the predictors used to create each
tree. After all of the trees are created, predictions are made by ag-
gregating predictions across the individual trees. Given the small
sample size, we do not assess the performance of random forests; in-
stead, we only include the variable importance, which quantifies the
reduction in prediction accuracy that results from removing each pre-
dictor from the set of trees, scaled relative to the most important pre-
dictor (given a value of 100). Within the R statistical environment, the
caret package was used as a wrapper around the randomForest (Liaw
and Wiener, 2002) package in order to facilitate testing using repeated
cross-validation with 3000 trees and three values of the number of
random predictors selected.

Analysis scripts to run both elastic net regression and DTs are
available at the second author's website.3

3. Results

3.1. Suicidal ideation

3.1.1. Elastic net regression
Across the 100 values of penalty tested, we chose the model with the

largest penalty within one standard error of the lowest mean squared
error (MSE). This model (alpha = 0.25, penalty = 0.35) had two non-
zero regression coefficients: the anti-suicide function of NSSI and de-
pression. In re-running the model using OLS, the standardized coeffi-
cients were as follows: 0.72 for the anti-suicide function and 0.88 for
depression. Due to high correlations among predictors (rs up to 0.54),
we did not run a linear regression model for comparison. We used the
area under the receiver operating characteristic curve (AUC) to calcu-
late model performance. This metric balances both sensitivity and
specificity, which results in a better representation of performance in
comparison to accuracy when there is class imbalance. This model had
an AUC of 0.85.

3.1.2. Decision trees
The resultant tree is displayed in Fig. 1. This tree selected some of

the same variables as the elastic net analyses: depression, anti-suicide
function, affective regulation function, and NSSI social context (e.g.,
engaging alone or with others). The five subgroups of participants are
as follows: (1) those who reported a depression score of 20 or more and
the anti-suicide function values of 0.5 or more had a high (86%)
probability of SI, (2) those who reported a depression score of 20 or
more, anti-suicide function values of less than 0.5, affect regulation
function values of less than 3.5, and reported engaging in NSSI alone
sometimes or all the time had high (82%) probability of SI, (3) those
who reported a depression score of 20 or more, anti-suicide function
values of less than 0.5, affect regulation function values of less than 3.5,
and did not report engaging in NSSI alone had a low (22%) probability
of SI, (4) those who reported a depression score of 20 or more, anti-
suicide function values of less than 0.5, and affect regulation function
values of 3.5 or more had low (21%) probability of SI, and (5) those
who reported depression scores less than 20 had a low (12%) prob-
ability of SI. This model had an AUC of 0.77.

2 It is important to distinguish EDM analyses from Latent Class Analysis (LCA;
McCutcheon, 1987). Although some studies have employed LCA to identify combinations
of NSSI risk factors that may best differentiate high and low suicide risk groups (e.g.,
Klonsky and Olino, 2008), LCA is unable to offer information on the relative importance
of specific factors in suicide-related outcomes, whether there are non-linear relationships
between factors and outcomes, or whether there are particularly important interactions
between factors in predicting an outcome. 3 https://rjacobucci.com/.
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3.1.3. Random forests
The relative variable importance value from the random forest

analyses are depicted in Table 2. Depression demonstrated the greatest
influence on SI compared to all other variables, followed by the anti-
suicide function of NSSI and the anti-dissociation function of NSSI.

3.2. Suicide plan

3.2.1. Elastic net regression
Across the 100 values of penalty tested, we chose the model with the

largest penalty within one standard error of the lowest mean squared
error (MSE). This model (alpha = 0.75, penalty = 0.03) had six non-
zero regression coefficients: number of NSSI scars, anti-suicide function
of NSSI, revenge function of NSSI, desire to cease NSSI, NSSI likelihood,
and depression. In re-running the model using OLS, the standardized
coefficients were as follows: 0.78 for number of NSSI scars, 0.72 for
anti-suicide function, 3.05 for revenge function, 12.15 for desire to
cease NSSI, 0.52 for NSSI likelihood, and 0.89 for depression. Due to
high correlations among predictors (rs up to 0.54), we did not run a
linear regression model for comparison. This model had an AUC of
0.89.

3.2.2. Decision trees
The resultant tree is displayed in Fig. 2. This tree selected some of

the same variables as the elastic net analyses: depression, anti-suicide
function, and toughness function. The four subgroups of participants
are as follows: (1) those who reported a depression score of 26 or more,

anti-suicide function values of 0.5 or more, and a toughness function
value of less than 1.5 had a high (76%) probability of SP, (2) those who
reported a depression score of 26 or more, anti-suicide function value of
0.5 or more, and toughness function value of 1.5 or more had a low
(23%) probability of SP, (3) those who reported a depression score of
26 or more and anti-suicide function values of less than 0.5 had a low
(11%) probability of SP, and (5) those who reported depression scores
less than 26 had a very low (4%) probability of SP. This model had an
AUC of 0.77.

3.2.3. Random forests
The relative variable importance value from the random forest

analyses are depicted in Table 2. Depression demonstrated the greatest
influence on SP compared to all other variables, followed by the anti-
suicide function of NSSI and participant age.

3.3. Suicide attempts

3.3.1. Elastic net regression
For elastic net regression, we chose the model with the largest

penalty within one standard error of the lowest binomial deviance. This

model (alpha = 0.25, penalty = 0.32) had five non-zero regression
coefficients: number of NSSI scars, history of medical treatment due to
NSSI, anti-suicide function of NSSI, anti-dissociation function of NSSI,
and current SP. In re-running the model using logistic regression, the
odds ratios were as follows: 1.18 for number of NSSI scars, 4.20 for

Fig. 1. Decision Tree for Suicidal Ideation. Note. Each node shows the predicted class
(“yes” or “no” SI), the predicted probability of belonging to the “yes” class, and the
percentage of observations in each node.

Table 2
Random forest top ten most important variables for suicidal ideation, suicide plans, and suicide attempt history.

Suicidal ideation Suicide plans Suicide attempt history

Variable Importance value Variable Importance value Variable Importance value

Depression 100.00 Depression 100.00 NSSI medical treatment 100.00
Anti-suicide function 39.60 Anti-suicide function 47.45 Anti-suicide function 97.50
Anti-dissociation function 18.10 Age 40.37 Number NSSI scars 96.85
Future NSSI likelihood 16.72 Self-punishment function 37.78 Anti-dissociation function 76.65
Gender 16.13 Future NSSI likelihood 36.87 Suicide plan 70.41
Revenge function 13.50 Desire to cease NSSI 36.07 Interpersonal influence function 70.00
Autonomy function 12.23 Toughness function 34.62 Marking distress function 58.22
Self-carve words method 11.15 Gender 33.65 Time between urge and NSSI 57.20
Self-care function 9.28 Number NSSI scars 31.13 Self-cutting method 56.27
Self-punishment function 8.94 Interpersonal influence function 29.30 NSSI on hands/knuckles/fingers 55.32

Fig. 2. Decision Tree for Suicide Plan. Note. Each node shows the predicted class (“yes” or
“no” SP), the predicted probability of belonging to the “yes” class, and the percentage of
observations in each node.
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history of medical treatment due to NSSI, 1.14 for anti-suicide function
of NSSI, 1.26 for anti-dissociation function of NSSI, and 3.35 for current
SP. This model had an AUC value of 0.75.

3.3.2. Decision trees
For the decision tree model, the resultant tree is displayed in Fig. 3.

The final model selected five variables, three of which also were pre-
sented in the elastic net results: the anti-suicide function of NSSI,
number of NSSI scars, history of medical treatment due to NSSI, the
toughness function of NSSI, and depressive symptoms. The seven re-
sultant subgroups and their probability of SA are as follows: (1) those
with values less than 1.5 on the anti-suicide function of NSSI exhibited
a very low (6%) probability of SA, (2) those with values of 1.5 or more
on the anti-suicide function of NSSI, reported less than 20 NSSI scars, no
history of medical treatment due to NSSI, and values of greater than or
equal to 1.5 on the toughness function exhibited a low (9%) probability
of SA, (3) those with values of 1.5 or more on the anti-suicide function
of NSSI, reported less than 20 NSSI scars, no history of medical treat-
ment due to NSSI, values of less than or equal to 1.5 on the toughness
function, and values of greater than 30 on depression exhibited a very
low (2%) probability of SA, (4) those with values of 1.5 or more on the
anti-suicide function of NSSI, reported less than 20 NSSI scars, no his-
tory of medical treatment due to NSSI, values of less than or equal to 1.5
on the toughness function, and values of less than 22 on depression
exhibited a low (26%) probability of SA, (5) those with values of 1.5 or
more on the anti-suicide function of NSSI, reported less than 20 NSSI
scars, no history of medical treatment due to NSSI, values of less than or
equal to 1.5 on the toughness function, and values of less than 30 on
depression but greater than 22 exhibited a high (75%) probability of

SA, (6) those with values of 1.5 or more on the anti-suicide function of
NSSI, reported less than 20 NSSI scars, and a history of medical treat-
ment due to NSSI exhibited a high (78%) probability of SA, and finally,
(7) those with values of 1.5 or more on the anti-suicide function of NSSI
and reported 20 or more NSSI scars exhibited a high (72%) probability
of SA. This model had an AUC value of 0.74.

3.3.3. Random Forests
The relative variable importance value from the random forest

analyses are depicted in Table 2. Medical treatment for NSSI behavior
demonstrated greatest influence on SA compared to all other variables,
followed by the anti-suicide function of NSSI and the number of scars
due to NSSI.

4. Discussion

The current study aimed to utilize EDM techniques to inform suicide
risk prediction among individuals with a history of NSSI by simulta-
neously examining numerous NSSI characteristics as risk factors for SI,
SP, and SA. Although research has demonstrated NSSI as a high-risk
behavior for the occurrence of suicidal ideation and behavior (e.g.,
Hamza et al., 2012), little research has attempted to determine which
NSSI features may be most important to assess when conducting suicide
risk assessments in this population. Furthermore, such research has
relied heavily on designs that preclude the simultaneous examination of
a large number of factors; the current study addressed this gap through
the implementation of EDM techniques. We hypothesized that NSSI
frequency and number of methods would emerge as important pre-
dictors of SI, SP and SA, and, further, that the intrapersonal functions of

Fig. 3. Decision Tree for Suicide Attempts. Note. Each node shows the predicted class (“yes” or “no” SA), the predicted probability of belonging to the “yes” class, and the percentage of
observations in each node.
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anti-suicide and anti-dissociation would also emerge as important
predictors (Paul et al., 2015), even after considering depressive
symptom severity for all models and SI and SP in the SA model. These
hypotheses were partially supported.

In predicting the occurrence of SI and SP, decision trees, elastic net,
and random forests results identified participants’ depressive symptoms
and the endorsement of the anti-suicide function of NSSI as the two
most important predictors. In the DT analysis, the first split occurred
between those endorsing a score of less than 20 and a score of 20 or
more on depressive symptoms, with the latter group at increased risk
for reporting current SI and SP. Further, among those indicating high
depressive symptom severity, individuals endorsing a particularly high
identification with the NSSI anti-suicide function experienced particu-
larly elevated probability for current SI and SP, whereas those endor-
sing lower identification with the NSSI anti-suicide function were less
likely to report experiencing SI and SP. Given past research demon-
strating the strong relationship between depressive symptoms and SI
(e.g., Kandel et al., 1991), it is not surprising that individuals who re-
port severe depressive symptoms would be most likely to experience
current SI and SP. Relatedly, findings with regards to the anti-suicide
function are consistent with past research demonstrating that the anti-
suicide function of NSSI has one of the strongest relationships with SI as
compared to other functions of the behavior (Victor et al., 2015).

Findings from the current study suggest that individuals self-re-
porting that they are experiencing severe depressive symptoms and
have a history of engaging in NSSI as a way to resist suicide are at the
highest risk of experiencing SI and engaging in SP. These results extend
previous research by demonstrating that there is an additive effect of
the anti-suicide function among those experiencing depression. It is
possible that these individuals may be using NSSI to express suicidal
thoughts and plans without risking death (Klonsky, 2007) and that they
believe it is effectively serving this function, thus increasing the like-
lihood of continuing the behavior. Self-injurers who experience SI and
engage in SP may engage in NSSI to help to reduce their experience of
SI in the short-term, similar to the manner in which self-injurers report
that engagement in NSSI temporarily reduces negative affect (Klonsky,
2007). Given this, it is then possible that the negative reinforcement
involved in ameliorating one's experience of SI and SP may, in turn,
lead to greater NSSI engagement. Future research should explore this
association further.

Whereas depression was an important indicator of SI and SP, it was
identified as important in predicting SA by only one of the three EDM
methods employed in this study. Rather, NSSI features were selected by
all three methods to best predict SA. Even with the inclusion of SI and
SP in the models predicting SA, the variables that were identified as
important across all three EDM methods were three NSSI features: anti-
suicide function of NSSI, number of NSSI scars, and history of medical
treatment due to NSSI. The DT analysis suggests that the anti-suicide
function of NSSI was the most important predictor of history of SA,
demonstrating a first split between those endorsing low identification
with the anti-suicide function and those endorsing high identification
with the function. Results suggest that participants endorsing high
identification with the anti-suicide function were over five times more
likely to report a SA than those in the low endorsement group. Given
that the anti-suicide function of NSSI was identified as an important
predictor of SAs in all three analysis methods, NSSI may present as a
vehicle for individuals to express their suicidal thoughts while resisting
the urge to actually act on them (Klonsky, 2007). However, it may also
be a way for those individuals to practice engaging in intentional self-
injury, which may, in turn, make it more likely that they will carry out
suicidal behavior through habituation to the fear and pain involved in
carrying out self-directed lethal acts (Joiner, 2005; Van Orden et al.,
2010). Notably, given that the current study is cross-sectional, it is
important to consider that the direction of this relationship may be
otherwise. Indeed, it is possible that after attempting suicide, in-
dividuals aiming to avoid engaging in a repeat attempt may begin to

engage in NSSI for anti-suicide motivations.
Findings further show that among individuals reporting high iden-

tification with the anti-suicide function, reporting 20 or more scars
from the behavior increased probability of reporting a SA history by
almost threefold as compared to reporting 20 or fewer scars, high-
lighting the role of NSSI scarring as a significant correlate of SAs.
Indeed, the elastic net, DT, and random forests results support the
number of NSSI scars as an important indicator of SA probability. To
date, there has been limited research on NSSI scarring in the empirical
literature. However, one empirical study did link NSSI scarring with SI
and SA (Burke et al., 2016). Finally, results suggested that among in-
dividuals with high anti-suicide function endorsement who have less
than 20 NSSI scars, but have obtained medical treatment for NSSI in the
past also have increased SA probability (78%). The importance of
medical treatment for NSSI in the occurrence of SA, which was de-
monstrated across all statistical methods, is in line with past research.
These findings demonstrating the importance of NSSI scarring and
medical severity are congruent with the prevailing theory (Joiner,
2005) that the experience of painful and provocative events (e.g., en-
gagement in severe NSSI) may lead to an increase in one's acquired
capability to carry out suicidal behavior (Joiner, 2005). Past research
has supported this theory, finding that more severe NSSI behavior, as
defined by greater NSSI frequency (Paul et al., 2015) and more NSSI
methods (Victor and Klonsky, 2014), is related to SA; the current
findings add to this body of research suggesting that having extensive
scarring from NSSI and receiving medical attention for NSSI may be
other important indicators of NSSI severity (Burke et al., 2015). Indeed,
it is plausible that those who engage in NSSI to the point of wounds
producing scars or requiring medical intervention may have habituated
to the pain involved in enacting lethal self-injury more than those en-
gaging in frequent NSSI but resulting in fewer (or no) scars and re-
quiring no medical treatment, thus, increasing their likelihood of SA.

Across all three SA models, which included SI and SP as indicators,
SI was not identified as an important predictor. SP was identified as
important in one model predicting SA, but less important relative to the
aforementioned NSSI features. Our results provide further support for
Joiner's theory that holds acquired capability as the mechanism that
meaningfully differentiates between those experiencing SI or engaging
in SP and those who actually act on those thoughts/plans. The current
study's findings strongly suggest the importance of collecting detailed
information about NSSI history when ascertaining suicide risk, as it may
provide important insight into suicidal behavior beyond SI and SP.

It is important to consider that the three methods of EDM employed
in the current study, elastic net, DT, and random forests, resulted in
slightly varying findings. These results are likely divergent due to the
fact that whereas elastic net will only find additive and linear effects,
DT and random forests can also capture nonlinear effects and interac-
tions (Hastie et al., 2009). Indeed, whereas in predicting SA, the anti-
suicide function evidenced the lowest odds-ratio of important pre-
dictors in a logistic regression (OR = 1.03), it emerged as the top one or
two most important features in the DT and random forests models. This
outcome is likely due to this feature's nonlinear relationship with SA, as
well as its interaction with, or additive effects on other variables such as
scarring secondary to NSSI and necessitating medical treatment for
NSSI (as opposed to its independent relationship with SA).

4.1. Limitations and future directions

Limitations of the current study should be noted. First, the study is
cross-sectional in design, limiting our ability to draw conclusions about
the temporal direction of our findings. There have been foundational
studies demonstrating that NSSI prospectively predicts attempted sui-
cide more strongly than other suicide risk factors (Asarnow et al., 2011;
Wilkinson et al., 2011). Future prospective studies should employ EDM
techniques to determine whether the important NSSI characteristics
identified in this study remain important when considering other
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suicide risk factors outside those included in the current study, in-
cluding those hypothesized to facilitate the transition from suicidal
ideation to behavior (e.g., Klonsky and May, 2015). Second, our out-
comes of interest were measured across divergent timeframes: SI and SP
were measured over the prior one week, whereas SA and NSSI were
assessed across the lifetime. Third, the current study employed a one-
item measure of lifetime suicide attempts. Given that this item did not
specify intent or perceived consequences of the behavior, it is possible
that we are overestimating suicidal behavior in our sample (Millner
et al., 2015). Fourth, we did not examine single versus multiple at-
tempter status in the current study. Given research suggesting that risk
factors for single and multiple suicide attempts may be distinct (e.g.,
Esposito et al., 2003), future research should examine whether the
predictive models in the current study apply to both groups of at-
tempters. Fifth, the current study employed amended versions of the
DSHI, ISAS, and BSS, which require further psychometric examination.
Sixth, the sample employed was composed of a large proportion of fe-
males (75%). As studies suggest differences in NSSI characteristics and
suicidal behavior rates between genders (Andover et al., 2010;
O’Connor and Nock, 2014), it will be important for future studies to
examine whether the results can be replicated in an evenly-propor-
tioned sample of males and females. Finally, given that the under-
graduate sample employed in the current study may not be re-
presentative of all individuals who engage in NSSI, future research
should replicate these findings in community and clinical samples.

Despite the significant limitations outlined, our findings reveal that
NSSI functions, scarring, and medical lethality may be more important
to assess than commonly regarded NSSI severity indices (e.g., number
of methods, frequency) when ascertaining risk for SI, SP, and SA. Our
findings also have important implications for the development of sui-
cide risk algorithms. Given our analysis primarily included NSSI char-
acteristics as indicators (in addition to demographics and depressive
symptoms), without accounting for any other clinical or diagnostic in-
dicators, our findings suggest that fairly accurate decisions about sui-
cide risk can be made in a self-injuring sample with primarily NSSI
feature information alone. Thus, the current findings highlight the po-
tential clinical importance of collecting nuanced information about self-
injurers’ experience of their NSSI. Perhaps more importantly, the cur-
rent findings suggest that including specific information about NSSI
history may augment the predictive accuracy of extant suicide risk al-
gorithms (e.g., Barak-Corren et al., 2017).
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