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ABSTRACT

Background and Aims Persons with substance use disorders (SUDs) are at elevated risk of suicide death. We identified
novel risk factors and interactions that predict suicide among men and women with SUD using machine learning.

Design Case–cohort study. Setting Denmark. Participants The sample was restricted to persons with their first
SUD diagnosis during 1995 to 2015. Cases were persons who died by suicide in Denmark during 1995 to 2015 (n =
2774) and the comparison subcohort was a 5% random sample of individuals in Denmark on 1 January 1995 (n = 13
179). Measurements Suicide death was recorded in the Danish Cause of Death Registry. Predictors included social
and demographic information, mental and physical health diagnoses, surgeries, medications, and poisonings.

Findings Persons among the highest risk for suicide, as identified by the classification trees, were men prescribed
antidepressants in the 4 years before suicide and had a poisoning diagnosis in the 4 years before suicide; and women
who were 30+ years old and had a poisoning diagnosis 4 years before and 12 months before suicide. Among men with
SUD, the random forest identified five variables that were most important in predicting suicide; reaction to severe stress
and adjustment disorders, drugs used to treat addictive disorders, age 30+ years, antidepressant use, and poisoning in
the 4 prior years. Among women with SUD, the random forest found that the most important predictors of suicide were
prior poisonings and reaction to severe stress and adjustment disorders. Individuals in the top 5% of predicted risk
accounted for 15% of all suicide deaths among men and 24% of all suicides among women. Conclusions In
Denmark, prior poisoning and comorbid psychiatric disorders may be among the most important indicators of suicide risk
among persons with substance use disorders, particularly among women.
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INTRODUCTION

Suicide is a global public health problem with nearly 800
000 suicide deaths annually [1]. Substance use disorders
(SUDs) have been identified as a critical determinant of sui-
cide risk [2–4]. SUDs are commonly comorbid with other
psychiatric diagnoses such as depression, stress, and per-
sonality disorders, which independently confer suicide risk
[5,6]. Suicide risk varies by type of SUD and sex [2,7], with

evidence of risk greater for men and strongest for alcohol-
and opioid-related disorders [3,8,9]. Previous studies ex-
amined the association of SUD and suicide risk among pre-
dominantly male samples from the military or veterans
[7,10,11]. Other studies explored the association between
alcohol-related disorders and/or other SUDs with suicide
risk [6,12,13], the association of nicotine dependence with
or without other SUDs with suicide risk [14,15], with little
consideration for how each SUD, or the presence of unique
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combinations of SUDs, may increase risk [2]. One study of
persons who died by suicide in Norway between 2009
and 2016 found that women were more likely to be diag-
nosed with sedative, hypnotic, or anxiolytic use disorder
in the year before death compared to men, with no signifi-
cant differences for prevalence of other types of SUD diag-
noses by sex [16]. To date, information is limited
concerning unique sex-specific risk factors for suicide death
among the high-risk population of individuals with SUD.

Despite decades of research, suicide prediction has not
improved significantly in clinical settings [17]. Suicide risk
arises from multiple predisposing and concurrent risk fac-
tors [8], and conventional statistical methods used to iden-
tify patients at high risk have not been well suited to
capture interactions among potentially correlated risk fac-
tors. Recently, novel supervised machine learning methods
have allowed modeling of a broad constellation of predic-
tors simultaneously to enhance suicide risk prediction
[18]. Gradus et al. [19] were the first to use machine learn-
ing methods to identify sex-specific risk profiles for suicide
among a complete civilian population. They found that
SUD-related factors (e.g. alcohol-related disorders, prior
poisoning) were among the most important predictors of
sex-specific suicide risk in Denmark, and that ~20% of
men and women who died by suicide had a SUD [19].
Risk factors for suicide may differ in the high-risk
population of persons with SUD compared to the general
population; however, this remains largely unexplored.

Efficacy of suicide assessment and prevention interven-
tions delivered specifically to the SUD population depends
on specific knowledge of suicide risk factors within this
population, use of large samples, and an analytic approach
capable of considering large numbers of potential predictor
variables [20]. The study’s goal was to use population-
based, prospective Danish medical and social registry data
and machine learning methods to identify sex-specific risk
profiles for suicide among persons with SUD. To ensure ac-
curate prediction of suicide death, the machine learning
models were stratified by sex at birth, reflecting
well-documented sex differences in the incidence of suicide
and suicide risk factors [21–23]. Because individual SUDs
were included as predictors, we could observe whether in-
teractions among different SUDs improve risk prediction.
To our knowledge, this is the first study to use machine
learning techniques among the high-risk population of in-
dividuals with SUD to predict suicide death.

METHODS

Study sample

All residents of Denmark are provided universal medical
coverage through a tax-funded healthcare system [24].
The source populationwas all persons born or legally resid-
ing in Denmark on 1 January 1995. The start of the study

period was chosen to correspond with, (i) the switch from
International Classification of Diseases, Eighth Revision to
International Classification of Diseases, Tenth Revision
(ICD-10) in 1994; and (ii) all hospital outpatient clinic
visits were reported to the Danish National Patient Registry
starting in 1995 [25]. We used a case-cohort design effi-
cient for examining rare outcomes [26]. Suicide cases were
all individuals who had an incident SUD diagnosis and died
by suicide between 1995 and 2015 in Denmark
(n = 2774). The comparison subcohort was a 5%
random sample of individuals living in Denmark on 1 Jan-
uary 1995 who had an incident SUD diagnosis during the
study period (n = 13179). We linked data across adminis-
trative and medical registries using Denmark’s Civil Per-
sonal Register numbers; unique identifiers assigned to all
Danish residents (see Supporting information Data S1 Ap-
pendix Table 1 for Danish registry information) [27–29].

Outcome

The Danish Cause of Death Registry records age of death,
manner of death (e.g. unintentional, suicide), place of
death, and autopsy results [30].We used this registry to as-
certain suicide cases using ICD-10 codes X60-X84 [30]. In
a separate independent expert review, 92% of deaths re-
corded as suicides were confirmed [31].

Substance use disorders

We obtained SUD diagnoses from two registries using two-
digit ICD-10 codes: [32] the Danish Psychiatric Central Re-
search Register records all psychiatric inpatient and outpa-
tient diagnostic data [33], and the Danish National
Patient Registry contains data on all inpatient hospitaliza-
tions in non-psychiatric hospitals, hospital outpatient
visits, and emergency room visits [25]. SUDs were identi-
fied using the following ICD-10 codes in primaryor second-
ary positions; alcohol-related disorders (F10),
opioid-related disorders (F11), cannabis-related disorders
(F12), sedative, hypnotic, or anxiolytic-related disorders
(F13), cocaine-related disorders (F14), other stimulant-
related disorders (F15), hallucinogen-related disorders
(F16), nicotine dependence (F17), inhalant-related disor-
ders (F18), and other psychoactive substance-related disor-
ders (F19).

Other predictors

In addition to SUD diagnostic codes, we examined the fol-
lowing predictors of suicide; age, marital status, immigrant
status, family suicidal behavior (i.e. parent or spouse), em-
ployment, income,mental health disorders, physical health
disorders, surgeries, prescription drugs, psychological ser-
vices, and poisonings (defined as adverse effects of and
underdosing of drugs, medicaments, and biological
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substances). We obtained data on age, marital status, im-
migrant status, and family suicidal behavior from the Dan-
ish Civil Registration System and Cause of Death Registry
[28]. We obtained data on employment and income from
the Integrated Database for Labor Market Research [34]
and Income Statistics Register [35]. We used the Danish
Psychiatric Central Research Register [33] and Danish Na-
tional Patient Registry to obtain psychiatric disorder diag-
noses using two-digit ICD-10 codes [25]. We also used
the Danish National Patient Registry to obtain physical
health diagnoses recorded using second-level ICD-10
groupings, and examined surgery procedure codes by body
system. Prescription drug data were from the Danish Na-
tional Prescription Registry [36,37], including dispensing
date, product name, and level 3 Anatomical Therapeutic
Classification codes (e.g. drugs used in addictive disorders
[N07B]). We obtained data on psychological services (i.e.
any encounter for a psychological service) from the Health
Insurance Registry [38].

Statistical analysis

Consistent with other suicide-related machine learning
studies [39–41], we dummy-coded variables to create
time-varying predictors with intervals of 0–6, 0–12,
0–24, and 0–48months before the date of death for suicide
cases. To estimate the prevalence of each predictor during
the person-time that gave rise to cases, we randomly se-
lected a date for each member of the subcohort between
the SUD diagnosis date and the end of follow-up and com-
puted the prevalence of predictors 0–6, 0–12, 0–24, and
0–48 months before the selected date. Some predictors
(e.g. sex, age, and immigrant status) were examined in
their registry-based form without being dummy-coded as
time-varying predictors. Employment and incomewere de-
fined in the year before the date of death for suicide cases
and in the year before the selected date between SUD diag-
nosis and end of follow-up for comparison subcohort mem-
bers. Predictors from all time points were evaluated
together.

We reduced the predictor set to mitigate the risk of
overfitting, which arises when amodel finds trivial patterns
that are unique to a specific data set, but are not generaliz-
able and fails to accurately predict events in external sam-
ples [42]. We performed data reduction separately for men
and women using two steps; (i) removing rare predictors
with fewer than 10 observations in any cell of a 2 × 2 con-
tingency table of the predictor and suicide [43,44] and (ii)
removing predictors with negligible main effect associa-
tions with suicide (unadjusted odds ratios between 0.9
and 1.1). The initial data set contained 2563 predictor var-
iables. After data reduction, the final number of included
predictors was 833 for men and 686 for women. Some
SUD diagnoses were eliminated as predictors (e.g.

hallucinogen-related disorders for all time periods for
men). Supporting information Data S1 Appendix Table 2
presents the predictors pre- and post-data reduction.

Given our dual interests in identifying novel predictors
and interactions of suicide, we used classification trees
and random forests, which are recursive partitioning
methods that can automatically detect associations and in-
teractions among predictors to optimize prediction accu-
racy and to provide metrics of predictor importance [45].
These methods were chosen over other machine learning
methods (e.g. elastic net penalized regression) [46] to en-
hance interpretability of the variables used to the model
and to visualize interactions. The classification tree model
(CART) is a nonparametric method that builds a decision
tree based on predictors and their combinations that result
in the highest probability of differentiating cases from
non-cases. We performed 10-fold cross-validation for the
classification trees, setting the maximum tree depth and
minimum number of observations in any node (terminal
or parent) to five. Tomitigate class imbalance, each individ-
ual tree was built using equal priors [47]. Risk of suicide
was calculated for each identified combination of predic-
tors. We used the R package rpart [48]. Although classifi-
cation trees provide interpretable, visual representations
of interactions that permit identification of specific
combinations of risk factors associated with suicide risk,
they are vulnerable to overfitting. Therefore, we used ran-
dom forests that are less prone to overfitting to identify
novel predictors of suicide among persons diagnosed with
a SUD.

Random forests are another recursive partitioning
method that ensembles a set of decision trees created using
bootstrapped samples of the data. Each forest was built
with 1000 trees. The number of variables randomly sam-
pled at each split was 29 for men and 26 for women (i.e.
square root of the total number of predictors for men and
women; randomForest default). Aminimumof 10 observa-
tions were needed to attempt a split. Given class imbalance,
each tree was built using all suicide observations and an
equally sized number of randomly selected non-suicide
observations using the sampsize tuning parameter
[49,50]. We used 2-fold cross-validation to generate indi-
vidual-level random forests-predicted values. To evaluate
the importance of each variable in predicting suicide, we
inspected the mean decrease in accuracy values, which
represents the reduction in accuracy if a predictor were
randomly permuted [45]. Predictors that are more impor-
tant for accurate suicide prediction will have a larger
mean decrease in accuracy. We used the R package
randomForest [51].

We evaluated prediction accuracy (i.e. discrimination)
using receiver operating characteristics curve analysis con-
ducted in 1000 bootstrap replicates to estimate the area
under the curve (AUC) and 95% confidence intervals (CI)
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[52]. The AUC represents the overall ability of the classifier
to distinguish between subjects who died by suicide versus
those who did not. We conducted analyses separately for
men and women. Sex-stratified analyses were used instead
of including sex as a predictor in analyses containing the
entire sample (men and women combined). Including sex
as a predictor would not necessarily reveal sex differences
in the CART or random forest variable importance. Fur-
thermore, the classification trees would only display differ-
ent patterns of risk by sex at the point that sex is chosen as
a splitting variable but not earlier in the tree. Analyses
were conducted using SAS, version 9.4 (SAS Institute)
[53] and R, version 3.5.2 [54]. The analysis was not
pre-registered and the results should be considered
exploratory.

RESULTS

Of the 2774 persons with SUD who were suicide cases,
1985 were men (72%) and 789 were women (28%;
Table 1). Of the 13 179 persons with SUD in the compari-
son subcohort, 8223 were men (62%) and 4956 were
women (38%). Age distributions in the suicide cases and
comparison subcohorts were similar (mean [SD] for men:
48 [14] years vs. 50 [17] years; women: 52 [13] years
vs. 51 [18] years). Persons who died by suicide were more
frequently divorced, widowed, never married, or single
than subcohort members. Suicide cases were less likely to
be in the highest income quartile than the comparison
subcohort; (men: 466 [24%] vs. 2232 [27%]; women:
191 [24%] vs. 1424 [29%]).

Table 2 Distribution of substance use disorders between 1 January 1995 and the index date among suicide cases and members of the
comparison subcohort.

Variable (ICD-10 code)

Men Women

Suicide cases
(n = 1985)

Comparison subcohort
(n = 8223)

Suicide cases
(n = 789)

Comparison subcohort
(n = 4956)

Alcohol-related disorders (F10) 1624 (82%) 6064 (74%) 610 (77%) 2784 (56%)
Opioid-related disorders (F11) 152 (7.7%) 259 (3.1%) 73 (9.3%) 210 (4.2%)
Cannabis-related disorders (F12) 237 (12%) 634 (7.7%) 50 (6.3%) 209 (4.2%)
Sedative, hypnotic, or anxiolytic- related
disorders (F13)

142 (7.2%) 210 (2.6%) 170 (22%) 313 (6.3%)

Cocaine-related disorders (F14) 46 (2.3%) 100 (1.2%) 8 (1.0%) 26 (0.5%)
Other stimulant-related disorders (F15) 67 (3.4%) 158 (1.9%) 18 (2.3%) 45 (0.9%)
Hallucinogen-related disorders (F16) – 19 (0.2%) – 12 (0.2%)
Nicotine dependence (F17) 114 (5.7%) 1411 (17%) 50 (6.3%) 1636 (33%)
Other psychoactive substance- related
disorders (F19)

286 (14%) 545 (6.6%) 126 (16%) 230 (4.6%)

We do not display values with small cell counts (≤5 observations) to protect study subjects’ anonymity. There were no patients with ICD code F18 (inhalant-
related disorders).

Table 1 Characteristics of the suicide cases and members of the comparison subcohort, Denmark, 1995 to 2015.

Variable

Men Women

Suicide cases
(n = 1985)

Comparison subcohort
(n = 8223)

Suicide cases
(n = 789)

Comparison subcohort
(n = 4956)

Age, mean (SD), y 48 (14) 50 (17) 52 (13) 51 (18)
Marital status (%)
Married or registered partnership 472 (24) 2232 (27) 220 (28) 1469 (30)
Divorced/widowed/never
married/single

1513 (76) 5963 (73) 569 (72) 3475 (70)

Immigrant (%) 70 (3.5) 330 (4.0) 14 (1.8) 168 (3.4)
Income quartile (%)
<1 504 (25) 1919 (23) 197 (25) 1121 (23)
1 to <2 493 (25) 2031 (25) 199 (25) 1188 (24)
2 to <3 522 (26) 2041 (25) 202 (26) 1223 (25)
≥3 466 (24) 2232 (27) 191 (24) 1424 (29)
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Alcohol-related disorder was the most common SUD
among both cases and controls, but prevalence was
higher among cases; (men: 1624 [82%] vs. 6064
[74%]; women: 610 [77%] vs. 2784 [56%]; Table 2).
Among persons who died by suicide, the most common
other SUDs were other psychoactive substance-related
disorders (men: 14%; women: 16%), sedative, hypnotic,
or anxiolytic-related disorders (men: 7.2%; women:
22%), cannabis-related disorders (men: 12.0%; women:
6.3%), and opioid-related disorders (men: 7.7%; women:
9.3%). Suicide cases were less likely to have nicotine de-
pendence compared to the comparison subcohort: (men:
114 [5.7%] vs. 1411 [17%]; women: 50 [6.3%] vs.
1636 [33%]).

Classification trees

Men with the highest risk of suicide were those prescribed
antipsychotics in the 4 years before their suicide and diag-
nosed with a brief psychotic disorder 2 years before the sui-
cide, but who were not prescribed antidepressants or
diagnosed with poisoning or schizophrenia (n= 20; suicide
risk = 86%; Fig. 1). Men who were prescribed antidepres-
sants and had a poisoning in the 4 years before suicide
had a similar risk of suicide (n = 533; suicide risk = 85%).

Men who were prescribed drugs used to treat addictive dis-
orders (e.g. buprenorphine), who were diagnosed with re-
action to severe stress and with adjustment disorder in
the previous 4 years (n = 23), but whowere not prescribed
antidepressants, antipsychotics, or anxiolytics, had an 84%
suicide risk. Overall discrimination of cases from non-cases
was good (AUC = 0.75, 95% CI = 0.73, 0.76) [55].

Among women with SUD, the highest risk of suicide
occurred in those who were over age 30 years, had a poi-
soning diagnosis in the 4 years before the suicide, and a
poisoning diagnosis in the 12 months before the suicide
(n = 345, suicide risk = 92%; Fig. 2). Women with
SUD under age 30 years who had a poisoning diagnosis
in the previous 4 years and received a prescription for an-
tipsychotics in the previous 6 months had the next
highest risk (n = 31; suicide risk = 85%). This AUC indi-
cates excellent discrimination (AUC = 0.86, 95% CI =
0.84, 0.88) [55].

Random forest

Among men, 76% and 74% of predictors had a mean
decrease in accuracy values above zero in folds 1 and
2, respectively (combined mean = 4.6, SD = 3.9). Eleven
predictors were among the top 30 most important

Figure 1 Classification tree depicting suicide predictors among men with substance use disorders in Denmark, 1995 – 2015
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predictors in both folds (Fig. 3). The most important var-
iables for predicting suicide included reaction to severe
stress and adjustment disorders; drugs used to treat ad-
dictive disorders; age greater than 30 years; antidepres-
sant use; and poisoning. The cross-validated AUC for
the random forest was 0.77 (95% CI = 0.76, 0.78).

Amongwomen, 77% to 78% (fold 1-fold 2) of predictors
had amean decrease in accuracy for values above zero, (i.e.
model performance would have been compromised
through their omission; combined mean = 3.0, SD = 2.7).
Ten predictors were among the top 30most important pre-
dictors in both folds, withmost being poisoning and psychi-
atric disorders (Fig. 4). Poisoningacross all time periodswas
the most important predictor of suicide. Reaction to severe
stress and adjustment disorders; sedative, hypnotic, or
anxiolytic-related disorders; use of anticholinergic agents;
and other psychoactive substance-related disorders also
emerged as important predictors. The cross-validated AUC
for the random forest was 0.86 (95% CI = 0.85, 0.88).

Operating characteristics of high-risk thresholds

Cross-validated random forests-predicted probabilities were
rank ordered and operating characteristics were computed

among individuals in the top quintile of the predicted risk
distribution. Men in the top 5%, 10%, and 20% of predicted
suicide risk accounted for 15%, 28%, and 48% of all suicide
cases among men with SUD, respectively. Men in the bot-
tom 95%, 90%, and 80% of predicted suicide risk
accounted for 97%, 94%, and 87% of all men with SUD
who did not die by suicide, respectively. Women in the top
5%, 10%, and 20% of predicted suicide risk accounted for
24%, 41%, and 66% of all suicide cases among women
with SUD, respectively. Women in the bottom 95%, 90%,
and 80% of predicted risk accounted for 98%, 95%, and
87% of all women with SUD who did not die by suicide,
respectively.

DISCUSSION

Earlier studies have identified persons with SUD at in-
creased risk for death by suicide, with evidence of suicide
risk varying by type of SUD and by sex [2–4,7,8]. Our ana-
lytic sample of persons with SUD who died by suicide in
Denmark during 1995 to 2015was drawn from the larger
population-based sample reported in Gradus et al. [19] We
found that in addition to previously documented risk fac-
tors for suicide related to psychiatric conditions, drugs used

Figure 2 Classification tree depicting suicide predictors among women with substance use disorders in Denmark, 1995 – 2015
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to treat addictive disorders were a particularly important
risk factor for men with SUD. Evidence-based medication
treatments are available for treatment of addiction to opi-
oids, alcohol, and nicotine [56], which may suggest that
these treatments are a marker for underlying SUDs that
are especially predictive of suicide risk. More research is
needed to examine if narrower classifications of medication
treatments (e.g. buprenorphine vs. methadone) are more
predictive of suicide risk. For women, the most important
predictors of suicide were poisoning in all four time periods,
indicating that incidents of poisoning are an acute marker
of future suicide risk among women with SUD—a risk that
may persist for many years after the poisoningwith clinical
implications for the emergency department where many
persons present during an overdose [57].

For men with SUD, the most important predictors were
similar to those found in the parent study [19] of all Danish
men who died by suicide. However, important physical
conditions were unique to the SUD sample (e.g. injuries
to elbow/forearm). Importantly, we were able to predict a
larger proportion of suicide deaths among women with
SUD compared to men. For women with SUD, the most

important predictors were related to prior poisoning. In
comparison, in the parent study of all Danish women
who died by suicide, there was more heterogeneity in the
leading predictors for suicide for women, including antipsy-
chotic use, prior suicide attempt, and psychiatric disorders
[19]. Our findings point toward previous poisonings and
psychiatric diagnoses as particularly important targets for
future research and suicide prevention among women
with SUD diagnoses. As well, sex-specific suicide risk as-
sessment within the population with SUD may be
warranted.

As discussed, we found that prior poisoning was one of
the most important predictors of suicide risk among per-
sons with SUD, particularly among women. The definition
of this code set (T36-T50) is poisoning by, adverse effects of,
and underdosing of drugs, medicaments, and biological
substances. Therefore, this broad risk indicator may in-
clude non-fatal drug overdoses, inclusive of accidental, in-
tentional self-harm, assault, or undetermined intent, or
poisoning because of adverse effects or underdosing. Poi-
soning due to adverse effects or underdosing may be less
important to suicide risk prediction; although the codes

Figure 3 Variable importance of suicide predictors among men with substance use disorders in Denmark from split sample cross-validation,
1995 – 2015
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were collapsed in the models and this could not be exam-
ined. In addition to non-fatal accidental overdose, the poi-
soning indicator may have captured prior suicide
attempts by poisoning. It is noteworthy that in the parent
study [19], suicide attempt was an important predictor
for both men and women, whereas in our study prior sui-
cide attempt was eliminated during data reduction because
of small sample cells. It is possible that in the subgroupwith
SUD, poisoning may be a common method of suicide at-
tempt. Yet, in people with SUD, suicide attempts may be
more likely to be coded as poisoning if a substance is used
for which they have a known SUD (e.g. alcohol), because
of additional uncertainty around intent. Therefore, prior
poisoning may reflect a suicide attempt for some individ-
uals in our sample. In a study of people who died by suicide
in Norway between 2009 and 2016who had contact with
substance use treatment services within the year before
their death, women were more likely than men to die by
poisoning as a method of suicide (AOR 1.81, 95% CI =
1.09–3.02) [16]. More research is needed to disentangle
how indicators of suicide risk behavior may be present
within non-fatal poisoning [58–60], particularly among
persons with documented SUD. Our findings suggest
that prior poisoning for any reason may be among the

strongest signals of suicide risk among persons with SUD
[57], and targeted post-poisoning intervention strategies
should be developed for this population, particularly for
women.

We did not find evidence that combinations of SUDs
had high importance for suicide risk. A partial explanation
may be that most persons who died by suicide had
alcohol-related disorders. A meta-analysis concluded that
over one-third of suicide deaths were preceded by acute al-
cohol use [61], a proportion that may be even greater
among persons with a SUDwho died by suicide. These find-
ings underscore the importance of addressing at-risk alco-
hol use as a focus of suicide prevention efforts [62] for
both the general population and the high-risk population
of persons with SUD. Sedative, hypnotic, or
anxiolytic-related disorders and other psychoactive
substance-related disorders were identified as important
SUD-specific risk factors, albeit demonstrating lower accu-
racy regarding suicide risk prediction. This may highlight
important future research avenues. Contrary to previous
studies [14,15], our study revealed in the CART results
for women, and the random forest results, that there was
no evidence that nicotine dependence meaningfully pre-
dicted increased suicide risk.

Figure 4 Variable importance of suicide predictors among women with substance use disorders in Denmark from split sample cross-validation,
1995 -2015
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Limitations

Our study should be interpreted in light of several limita-
tions. There may be potential measurement error of suicide
deaths such that suicides are under-recorded and may be
misrecorded as deaths of undetermined intent, accidents,
or ill-defined and unknown cause of mortality [31]. A val-
idation study of suicide deaths in Denmark found that 92%
of recorded suicide deaths were confirmed after expert re-
view [31]. Furthermore, given the rarity of suicide, low
specificity of suicide classification will lead to greater bias
than low sensitivity [63]. Specificity of suicide classification
is believed to be high because the majority of persons who
did not die by suicide are correctly classified as such. There-
fore, we expect any misclassification of suicide deaths to
have a limited biasing effect in our study. Although Danish
registries collect high-quality data with long-term follow-
up, like other population-based epidemiologic suicide risk
studies, included predictors may be subject to misclassifica-
tion, although concerns about biased results due this mis-
classification is assuaged for reasons outlined above.
Further, our ability to include predictors was limited by
data availability. We lacked information on quality of life
in the days and hours before a suicide. Because we lacked
information characterizing suicide method, we are unable
to provide information about predictors of suicide method
(e.g. suicide by poisoning) among persons with SUD, which
may be particularly informative for safety interventions re-
garding lethal means. Future research should consider
using more discreet categories of ICD-10-CM codes in this
broad code set (T36-T50) to better understand risk specific
to non-fatal drug overdoses, inclusive of accidental, inten-
tional self-harm, assault, or undetermined intent, or poi-
soning because of adverse effects or underdosing. Our
findings should not be interpreted as causal effects because
our models are non-causal and cannot clarify the direction
or magnitude of associations. It is unclear if these results
are generalizable to other populations with SUD outside
of Denmark, where there are differences in the distribution
of SUDs, access and approaches to substance use treat-
ment, and stigma associated with SUD. For instance, al-
though Denmark has seen a dramatic increase in
prescription opioid use and ranks fifth in global opioid con-
sumption [64], other countries such as the United States
have experienced greater morbidity and mortality associ-
ated with the opioid epidemic [65].

CONCLUSIONS

This is the first study, to our knowledge, to use machine
learning techniques with a population-based sample of in-
dividuals with SUD to enhance sex-specific suicide risk pre-
diction. Among the high-risk subgroup of persons with
SUD who died by suicide in Denmark, we found that prior

poisoning was a critical indicator of suicide risk, particu-
larly among women, and that suicide risk may continue
for many years after the poisoning. Therefore, poisoning
among persons with SUD may be an important signal for
clinicians to initiate more proactive and ongoing assess-
ment and for researchers to pilot and test new interven-
tions to reduce future death by suicide. Our findings are
consistent with prior studies, which suggest that psychiat-
ric disorders confer additional risk for suicide among the
high-risk subgroup of persons with SUD. Future studies
are needed to replicate these analyses to inform suicide risk
prediction among persons with SUD and to investigate
whether SUD type is associated with suicide method (e.g.
poisoning) to inform lethal means safety interventions.
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