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Abstract

This paper assessed the performance of several predictive modeling algorithms of suicide

attempt resulting in inpatient hospitalization or suicide among youth aged 9-18 (n=34,528) after 

contact (6-12 months) with a mental health specialist in Stockholm, Sweden from 2006-2012. 

Using 209 predictors across domains (e.g., clinical, demographic, family, neighborhood, social) 

identified from national registers, we applied standard logistic regression, regularized logistic 

regression, and machine learning algorithms (i.e., random forests, gradient boosting, support 

vector machines). Standard logistic regression (0.77 [95% CI, 0.72-0.82]) and random forest 

models (0.80 [95% CI, 0.74-0.86]) demonstrated the highest AUCs. Sensitivities ranged from 

0.33 (support vector machines)-0.91 (standard logistic regression). While the study was 

underpowered to detect a difference between logistic regression and machine learning algorithms

(outcome prevalence=0.7%), performance metrics were similar across models. Logistic 

regression is not clearly worse than machine learning approaches. Ongoing research is needed to 

examine how prediction models can augment clinical decision making.
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The rate of suicide have been trending upwards over the past 20 years in the United 

States (Center for Disease Control, 2018). In 2021, the US Surgeon General and National Action 

Alliance for Suicide Prevention (NAASP) jointly released a Call to Action on the 20th 

anniversary of the seminal report recognizing suicide as a major public health problem in the US.

In the 2021 Call to Action, the Surgeon General and NAASP emphasized the importance of 

improving risk identification in health care settings (US Surgeon General & National Action 

Alliance for Suicide Prevention, 2021), which has been challenging for suicide research for two 

primary reasons: 1) the base rate of suicidal behavior is low in community samples (Nock et al., 

2008), and 2) a large body of research informing our understanding of risk prediction includes 

long follow-up periods (i.e., 5-10 years). Research suggests that suicide risk can vary across 

short time periods (e.g., hours or days) (Witte et al., 2006). To aid suicidal behavior prediction, 

some researchers have shifted focus from predicting lifetime risk in the general population to 

acute periods of risk within higher-risk populations (Glenn & Nock, 2014). 

Research has consistently demonstrated that adults (Stene-Larsen & Reneflot, 2019) and 

adolescents (Braciszewski et al., 2023) who die by suicide are often in contact with health care 

professionals within a proximal time frame prior to their death. It is important to aid suicidal 

prediction among those who contact the health care system to identify elevated risk, intervene, 

and triage care (Asarnow et al., 2016; Nock, 2012). Research commonly refers to the period of 

heighted risk after contact with healthcare system as short-term risk. While this definition is 

poorly defined (Simon, 2006), it represents an attempt to shorten follow-up windows relative to 

past epidemiological research. While “short-term” includes various definitions, we utilize “short-

term” throughout the introduction to refer to no more than one-year post-contact.
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Research examining short-term risk for suicidal behavior is growing, as the emphasis on 

a critical, targetable, and high-risk period may aid intervention efforts (Olfson et al., 2016). 

While the existing research has identified important settings for intervention (e.g., primary care, 

emergency departments, inpatient hospitalization) (Conwell et al., 2000; King et al., 2015; 

Olfson et al., 2016) and numerous short-term risk predictors (e.g., prior suicidality, depression, 

substance use) (Asarnow et al., 2016; Cassells et al., 2005; Favril et al., 2022), existing research 

must be interpreted in light of several limitations. First, most research has focused on adults. 

With the exception of examining short-term risk after emergency department contact (Asarnow 

et al., 2016; Greenfield et al., 2008; Horwitz et al., 2015; King et al., 2015; Spirito et al., 2003), 

children and adolescents have been relatively understudied compared to adult populations. 

Second, research has primarily examined short-term risk following psychiatric inpatient 

hospitalization (Cassells et al., 2005; Goldston et al., 1999; King et al., 2010; Large et al., 2011; 

Olfson et al., 2016; Prinstein et al., 2008), as compared to contact with other health care settings. 

Third, the majority of predictors in short-term risk studies have been derived from self-report 

measures or electronic health records (EHRs), such that the predictors included have been 

primarily demographic (Greenfield et al., 2008; Horwitz et al., 2015) and clinical (Olfson et al., 

2016). Notably, prior research has identified predictors such as a history of suicidality, 

depression, borderline personality disorder, drug misuse, anxiety, schizophrenia, bipolar 

disorder, family history of psychopathology, medication non-adherence, and female sex at birth

(Asarnow et al., 2016; Cassells et al., 2005; Goldston et al., 1999; Greenfield et al., 2008; 

Horwitz et al., 2015; King et al., 2015; King et al., 2010; Large et al., 2011; Olfson et al., 2016; 

Prinstein et al., 2008; Spirito et al., 2003). However, little is known about other non-psychiatric 

risk factors such as somatic medical problems, family-level factors, and neighborhood-level 

4



factors, that may improve short-term prediction (Chekroud, 2018). Fourth, the utility of 

prediction continues to be limited by the examination of one or a handful of predictors even 

though prior research has identified numerous predictors for clinicians to consider when 

estimating short-term risk. Additionally, only a few studies explored potential interactions 

among risk factors (Fazel et al., 2023; Goldston et al., 1999; Horwitz et al., 2015; King et al., 

2010). Researchers propose that suicidal behavior is a phenomena that is the culmination of an 

array of risk factors conferring risk over time (Nock et al., 2008). Ribeiro and colleagues (2016), 

for example, have suggested that computational models must reflect the complexity of 

suicidality, yet more research is needed on complex models and their clinical feasibility and 

acceptability remains uncertain (Glenn & Nock, 2014; Nock, 2012; Ribeiro et al., 2016). 

The current paper contributes to the field in four ways. First, we focus on a large-scale, 

youth population (i.e., approximately 34,000 youth aged 9-18). Late childhood/adolescence is a 

crucial developmental period to study to deepen our understanding of suicidal behavior because 

the prevalence of suicidal behavior dramatically increases between the ages of 9 and 12 and 

continues to increase through late adolescence (Nock et al., 2013). Second, we examine short-

term risk for suicidal behavior after contact with primarily outpatient mental health care. This is 

significant, as prior research examining short-term risk has concentrated on either the emergency 

department or inpatient psychiatric hospitalization. Different predictors may be associated with 

short-term risk depending on the setting, and, thus, prediction of short-term risk in outpatient 

settings requires further research. Third, the current paper links individuals to population-based 

registers, allowing the inclusion of predictors in a variety of domains including demographic 

(e.g., familial income), psychiatric (e.g., prior hospitalizations, medication), medical (e.g., 
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chronic conditions), psychosocial (e.g., sexual abuse history), familial (e.g., psychopathology), 

and neighborhood (e.g., deprivation). The use of these various registers broadens the scope of 

predictors beyond those in medical claims/charts, thereby allowing for identification of potential 

risk factors not previously considered in prior research or routine clinical screening. 

Finally, we utilize multiple machine learning algorithms to predict short-term risk among 

youth after contact with specialist mental health care. Machine learning aims to improve 

outcome prediction by balancing the trade-off between minimizing bias and maximizing 

generalizability through iterative algorithm training and testing (Kuhn & Johnson, 2013). 

Researchers have increasingly applied machine learning to clinical outcomes in attempts to 

improve prediction above clinician judgment (Deo, 2015). The power of machine learning comes

from the ability to include multiple model predictors simultaneously (Claassen et al., 2014), 

consider potential interactions (Chekroud et al., 2016), and examine non-linear associations

(Walsh et al., 2017). These are advantages compared to prior research focused on bivariable 

associations (Nock et al., 2008). While bivariable associations are valuable in interpretability, 

they lack clinical significance (Walsh et al., 2017), as evidenced by consistent chance-level 

prediction from existing suicidality models from using single predictors (Franklin et al., 2017). 

Over the decade, there has been a proliferation of machine learning applications to 

predict suicidal behavior. In fact, in 2017, the Veterans Health Administration implemented a 

suicide prediction model strategy, the Recovery Engagement and Coordination for Health-

Veterans Enhanced Treatment (REACH VET), after a pilot program developed and tested the 

model (Kessler, Hwang, et al., 2017). Despite the potential promise of machine learning and 

implementation in certain health care settings, some researchers remain skeptical about the 

integration and sustainability of machine learning techniques in behavioral health settings (Mohr 
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et al., 2018). Recent reviews have found that while the machine learning algorithms have 

demonstrated good accuracy, they have limitations in some performance measures in simulations

(Belsher et al., 2019). Additionally, while some studies have demonstrated the superior 

performance of machine learning models compared to bivariable or multivariable logistic 

regression (Ribeiro et al., 2019; Walsh et al., 2017; Walsh et al., 2018), a systematic review of 

machine learning algorithms (i.e., classification trees, random forests, artificial neural networks, 

support vector machines) found no difference in the area under the receiver operating 

characteristic curve (AUC) compared to logistic regression (both maximum likelihood and 

regularized) for numerous clinical outcomes (Christodoulou et al., 2019). Research examining 

machine learning algorithms should, therefore, compare such models to evaluate the added 

benefit of models of increasing complexity. 

We utilized prospectively collected data on approximately 43,000 visits to examine short-

term risk for suicidal behavior among youth after contact with a mental health specialist within 

6-12 months based on predictors across domains. Informed by the inconsistent research 

surrounding the improved performance of machine learning algorithms compared to logistic 

regression, the primary aim of this paper is to examine several algorithms and assess their 

performance (i.e., maximum likelihood “standard” logistic regression, regularized logistic 

regression, and machine learning methods). We hypothesized that the machine learning models 

(i.e., random forest, gradient boosting, and support vector machines) would capitalize on novel 

combinations of predictors and outperform the standard and regularized logistic regression 

models across numerous metrics (notably, AUCs, sensitivity, specificity). 

Transparency and Openness
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The study was not preregistered. Data are not made publicly available. Analytic code is 

posted to a github repository (github.com/LaurenMOreilly/STR). Data were deidentified and 

exempt from IRB approval. 

Methods

Sample 

We derived the sample from the Clinical Database for Child and Adolescent Psychiatry 

in Sweden (Pastill), which is a longitudinal, prospective dataset that records all mental health 

care specialist visits among children and adolescents in Stockholm County, Sweden. The 

majority (approximately 80%) of visits are outpatient visits; of the 118 specialty mental health 

clinics contributing to the Pastill dataset, 19 (16.10%) are inpatient clinics, 1 (0.85%) is an 

emergency ward, and 4 (3.39%) are designated as “other” (primarily psychiatry consultation 

clinics). The current dataset ranges from 2006 through 2012, forming a cohort of 34,528 patients 

(52.9% female) with 43,278 unique treatment periods (Table 1). Treatment periods were defined 

as non-overlapping periods comprised of at least one treatment (see below for more details). 

Given that suicidal behavior data ended in 2013, we restricted the dataset to end in 2012 

allowing one year of follow-up. We restricted ages to 9-18 years (mean=13.90 at first treatment 

period), as suicidal behavior is rare among young children. Pastill includes demographic data 

(i.e., age at visit), number of treatment visits, length of treatment provided, mental disorders as 

per International Classification of Disease-10th Edition (ICD-10) codes, and standardized 

assessment of psychosocial problems (e.g., parental neglect, sexual abuse, peer problems). All 

specialists also completed a checklist at intake as part of clinical routine, which includes 

information regarding self-harm (unspecified intent to die). 
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In addition to Pastill, we merged information from seven longitudinal, population-based 

registers via individuals’ unique identification codes. First, the Multi-Generation Register links 

individuals to family members since 1961 (Statistics Sweden, 2010), which allows for the 

inclusion of familial risk factors. Second, the Medical Birth Register captured nearly all (>99%) 

live births in Sweden since 1973 and collected information on youth sex assigned at birth. Third, 

the Education Register recorded information on parental educational attainment since 1970

(D'Onofrio et al., 2010). Fourth, the National Patient Register collected information on youth and

parental inpatient visits since 1969 and outpatient visits since 2001 for psychiatric and medical 

diagnoses using ICD codes (Jacobsson, 2009). Fifth, the Prescribed Drug Register collected 

information on prescription use since 2005. Medications are classified per the Anatomical 

Therapeutic Chemical (ATC) classification system (Wallerstedt et al., 2016). Sixth, the National 

Crime Register contained criminal conviction data for all individuals over the age of 15 since 

1973 (Fazel & Grann, 2006). Finally, the Integrated Database for Labor Market Research 

recorded information on familial income, familial receipt of income support or sickness/injury 

benefits, and neighborhood residence (i.e., Small Area Market Statistics areas) since 1990

(Statistics Sweden, 2011). We derived a neighborhood deprivation score and determined the 

presence of suicidal behavior in the same neighborhood (Sariaslan et al., 2013). 

Candidate predictors

We chose the predictor domains given prior research demonstrating that demographic 

factors (Lodebo et al., 2017; Nock et al., 2012), educational factors (Björkenstam et al., 2011), 

psychopathology (Simon et al., 2007), familial psychopathology (Brent et al., 1996), medical 

conditions (Tang & Crane, 2006), criminal convictions (Sahlin et al., 2017), and neighborhood-
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level factors (Cox et al., 2012) are associated with suicidal behavior among youth. Predictor 

definitions and coding were based on prior machine learning research using Swedish registers

(Chen et al., 2020). For youth diagnostic and medication predictors from the National Patient 

Register and Prescribed Drug Register, respectively, we categorized variables into three 

windows varying in proximity to the start of the treatment period (≤1 month, 1-12 months, >1 

year) in attempts to capture lifetime versus recent risk factors. There were 209 predictors (see 

Supplemental Online Material [SOM] 1). SOM 2 and 3 provide information regarding the 

ICD and ATC codes used to derive diagnostic and medication candidate predictors. To 

characterize the clinical features of the cohort, SOM 4 presents select diagnostic and 

psychosocial information on the sample.  

Outcome

We defined short-term suicidal behavior as the presence or absence of either suicide 

attempt resulting in inpatient hospitalization or suicide which were derived from the National 

Patient Register and the National Death Register, respectively, in the follow-up window (i.e., 6-

12 months post-contact) (Claassen et al., 2014; Simon, 2006). Previous research investigating 

short-term risk after an emergency department visit or hospitalization has defined post-contact as

beginning either at intake (Czyz et al., 2016; Horwitz et al., 2015) or at discharge (Large et al., 

2011; Olfson, 2017). Given that outpatient treatment can extend for a longer period compared to 

an acute hospital visit, the definition of post-contact can have considerable impact on prediction 

for short-term risk. The identification of suicidal behavior from ICD codes is limited; it is unclear

whether the presence of suicidal behavior codes are distinct events, as codes may be repeated 

and/or individuals may seek care in various settings resulting after one event. In attempts to 
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increase the likelihood of capturing distinct suicidal events, we defined the follow-up period as 

beginning 6 months after the end of a treatment period. There were 284 events of suicidal 

behavior between 6-12 months (0.66%) after the last visit in a treatment period.

Additionally, patients could be enrolled in multiple clinics/treatments at once and therapy

could persist over numerous sessions; the start of the short-term period was not as discrete as 

prior research examining inpatient psychiatric hospitalizations. To characterize the overlapping 

nature of treatment visits, we created periods of non-overlapping treatment periods, after which 

the short-term period started. Stated differently, if treatments overlapped based on their first and 

last visit dates, these periods were subsumed into one treatment period non-overlapping with 

other treatment periods. This was chosen to inform clinical decision-making regarding 

termination of treatment and risk for suicidal behavior without active clinician monitoring. 

Treatment periods were separated by at least one day. Most candidate predictors were referenced

to the first date of the non-overlapping treatment period (i.e., occurred before treatment 

initiation), although we also included information captured over the course of the treatment 

period as predictors (e.g., inpatient hospitalization, total number of days in the treatment period, 

and total number of outpatient visits). The outcome had to occur after the last treatment date.

Analytic rationale 

Given extant reviews suggesting that machine learning may not outperform logistic 

regression and the lack of research for short-term prediction within a youth outpatient sample, 

we devised three aims to examine model performance ranging on a continuum from human-

driven to machine-driven (Beam & Kohane, 2018). 
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Aim 1 evaluates “standard” logistic regression models based on maximum likelihood 

estimation. Aim 1 is designed to mimic past research that has considered only a few risk factors, 

as well as serve as a baseline set of models against which to compare the machine learning 

models and make inferences about relative model performance and clinical utility. These models,

however, were multivariable models, as compared to prior literature that has focused on 

bivariable associations. The primary advantage is interpretability. 

Aim 2 is designed to use machine learning algorithms that select a subset of salient 

predictors. Also referred to as variable selection models, these models are data-driven 

approaches in which model complexity is penalized to reduce the number of predictors, 

potentially at the cost of predictive power. Aim 2 serves as the middle of the continuum in terms 

of model interpretability versus complexity. The added benefit of Aim 2 compared to Aim 1 is 

that Aim 2 may determine important predictors for short-term suicidal behavior, which could be 

further investigated in basic research or integrated into clinical care. Both Aims 1 and 2 simplify 

the computational complexity compared to the machine learning models in Aim 3, thereby 

improving the interpretability of results.

In contrast to Aims 1 and 2, random forest and gradient boosting combine “weaker” base 

estimators into one “stronger” prediction model that optimize fit through the reduction of bias 

and improvement of precision. Support vector machines identify linear and non-linear 

hyperplanes differentiating classes. Therefore, researchers regard these methods as valuable in 

prediction, although limited in the interpretability (Cortez & Embrechts, 2013). The comparison 

of models across aims will help to inform the extent to which Aim 2 and/or Aim 3 improve upon 

predictive power, as well as inferences about the clinical utility of different machine learning 

methods within an adolescent specialty mental health care sample. For example, if models from 
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Aim 1 perform equally well as those in Aims 2 and 3, the use of complex prediction models in an

outpatient clinical setting may not provide incremental utility. However, if Aim 3 performs 

substantively better than Aims 1 and 2, the employment of risk algorithms in clinical settings and

training clinicians on how to use them may be helpful. Of note, we use the term “substantively 

better” not in the statistical sense, but rather to capture examining performance across metrics. 

Analytic approach 

We conducted all dataset preparation in SAS 9.4 (SAS Institute Inc., 2016). Prior to 

modeling, we applied several pre-processing techniques to the data; this vital step to optimize the

performance of machine learning algorithms (Kuhn & Johnson, 2013) by aiding convergence 

and reducing potential bias introduced in machine learning models. We also: (a) dropped 14 

predictors with a variance of zero (see SOM 1), (b) dropped 24 variables with high 

multicollinearity with other variables as determined by tetrachoric correlations > 0.95 (SOM 5), 

and (c) combined variables with low variance and of a similar construct (i.e., nine predictors 

combined into dichotomized “autoimmune disorder” variable; see SOM 1); this resulted in a 

total of 209 predictors. All subsequent analyses were derived from a complete case sample 

(2,317 treatment periods from a dataset of 45,595 treatment periods were dropped due to missing

data on the predictor variables to a final dataset of 43,278 treatment periods). The following steps

were completed in R 4.0.5 (R Core Team, 2022). We randomly split the dataset 70-30 into 

training and holdout datasets, respectively (Fazel et al., 2017). Data splitting was performed prior

to variable transformation and oversampling to avoid any bias introduced in the holdout sample 

through these steps. Additionally, because individuals would be repeated in the dataset, data 

splitting was done respective to individual identification numbers. This ensured that individuals 
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were represented in either the training or holdout dataset, but not both. We also stratified the 

outcome between the training and holdout sets. For a summary of the number of observations 

and outcomes in the full, training, and holdout datasets, refer to Table 1.

We continued pre-processing to address the use of both binary and continuous variables 

in prediction. To reduce bias introduced by variables with differing ranges specifically for 

support vector machines (Edwards & Raskutti, 2004), we rescaled two continuous variables (age 

and neighborhood deprivation) to a range of 0-1, and quartiled and subsequently dummy coded 

two continuous variables (total number of outpatient visits over the treatment period and total 

number of days over the treatment period). Note all other variables were dichotomized as not 

present (0) or present (1). Additionally, due to the small proportion of suicidal behavior events 

within the follow-up window of 6-12 months after the last visit, class imbalance posed a 

potential issue. Class imbalance refers to differences in prior class probabilities and can lead to 

performance inflation by solely predicting the majority class (no suicidal behavior event) 

compared to minority class (suicidal behavior events) (Guo et al., 2008). There are various 

approaches to handle class imbalance, including (1) addressing the distribution of the majority 

and minority classes, (2) comparing a wide variety of algorithms, and (3) examining various 

performance metrics (Kessler, Stein, et al., 2017). We adopted all three approaches. In regards to

distribution techniques, we oversampled suicidal behavior events using the ROSE (Random 

Over-Sampling Examples) R package (Lunardon et al., 2014), which randomly selects cases 

from the minority class with replacement. We chose a 40% oversampling distribution. We 

conducted all pre-processing steps equivalently on the holdout dataset except for oversampling. 

A TRIPOD checklist of model development and validation can be found in SOM 6.
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Performance metrics

Performance was evaluated by applying the algorithm trained on the training dataset to 

the holdout dataset. To evaluate performance, we first used the total area under the receiver 

operating characteristic curve (AUC), which provides a robust and informative way to evaluate a

binary classification model’s ability to accurately distinguish between two classes. AUC ranges 

from 0 to 1 with higher AUC (closer to 1) indicating better performance; 0.5 corresponds to 

random guessing. The receiver operating characteristic curve traditionally plots sensitivity (y-

axis) against 1-specificity (x-axis), thereby demonstrating the trade-off between these values 

along varying decision thresholds. Confidence intervals were generated from 10,000 

bootstrapped samples from the training set and models were applied on the holdout set (Robin et 

al., 2011). Second, we reported sensitivity (the proportion of individuals with suicidal behavior 

who were correctly classified) and specificity (proportion of individuals without suicidal 

behavior who were correctly classified). Third, we reported the positive predictive value (PPV; 

proportion of individuals who were classified by the model to have suicidal behavior and who 

had suicidal behavior) and negative predictive value (NPV; proportion of individuals who were 

classified by the model to not have suicidal behavior and who did not have suicidal behavior). 

Fourth, to capture potential clinical utility, we included the net benefit, which can be interpreted 

as the proportion of those correctly classified (true positives) minus those incorrectly classified 

(false positives) weighted by that decision threshold (Vickers et al., 2016). Positive net benefit 

values suggest the benefits of classification outweigh harms; a net benefit of zero would be 

equivalent to no intervention/classification of individuals. 
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While AUC, sensitivity, specificity, PPV, and NPV are valuable classification metrics, we

also present additional discrimination and calibration metrics to inform a more robust 

understanding of model performance. First, PRAUC (area under the precision-recall curve, 

where “precision” is equivalent to PPV and “recall” is equivalent to sensitivity) calculates the 

total area under the precision-recall curve. Second, partial AUC calculates the AUC for a specific

range of a given metric; we calculated the AUC for the sensitivity over 0.80 given the 

importance of correctly classifying those who attempt or die by suicide. Compared to the AUC, 

the PRAUC and partial AUC may be more appropriate metrics when evaluating performance 

affected by class imbalance, as neither precision nor recall consider true negatives (Carrington et 

al., 2020). Third, accuracy calculates the proportion of cases that were correctly classified. 

Fourth, balanced accuracy is the mean of sensitivity and specificity and is often more appropriate

than accuracy when class imbalance is present, as accuracy is often inflated when cases are 

predominately the majority class and, thereby, correctly classified. Fifth, we present additional 

classification metrics derived from the confusion matrix: kappa, detection rate, and detection 

prevalence. Sixth, we reported the F1 score, which calculates the harmonic mean of the precision

and recall. Seventh and eighth, compared to discrimination metrics, which measure classification

performance, we calculated the Brier score and integrated calibration index. The Brier score 

measures the accuracy of the predicted probabilities, and range from zero to one, with the scores 

closer to zero representing greater accuracies of predicted probabilities. The integrated 

calibration is the weighted average of the absolute difference between the observed and predicted

probabilities, with scores closer to zero representing no difference between observed and 

predicted values (Austin & Steyerberg, 2019). 
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Note that the initial confusion matrix for all performance metrics was based on 10% 

threshold for predicted values, we present additional thresholds of 5% and 25% in the SOM.

Aim 1: Standard logistic regression

After addressing all relevant data preparation, we conducted two sets of analyses. First, 

we identified a set of nine a priori predictors based on prior literature that captured domains of 

depression, anxiety, substance use, prior self-harm or suicide attempt, and sex. The predictors 

were (1) antidepressant medication within one month prior to start of the treatment period, (2) 

major depression diagnosis at first visit of the treatment period, (3) self-reported chief complaint 

of depression at first visit, (4) anxiety diagnosis at first visit, (5) self-reported chief complaint of 

anxiety at first visit, (6) substance use diagnosis at first visit, (7) female sex assigned at birth, (8) 

suicide attempt diagnosis (intentional self-injury) at first visit, and (9) self-reported chief 

complaint of self-harm at first visit. Each outcome was predicted from the nine predictors in the 

training set, after which the model was applied to the holdout set. We aimed to choose seven 

predictors to prioritize interpretability and, relatedly, maintain a set of predictors that could more 

easily be remembered by clinicians due to working memory constraints (Miller, 1956). However,

nine predictors were retained in the a priori model as we had multiple measures of depression, 

anxiety, and self-harm domains.

Second, we conducted bivariable logistic regression between each of the 209 candidate 

predictors and the outcome and cross-validated the results using 10-fold, internal cross validation

(i.e., the training dataset is subsequently divided and validated on 10 equal components). We 

then ranked each bivariable association based on AUC. From there, we selected the top seven 

predictors and predicted the outcome in a multivariable logistic regression model in the training 
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set. The resulting model was then used to create predictions in the holdout set. Given that model 

interpretability is a primary motivation of Aim 1, we reported the odds ratios (ORs) and 95% 

confidence intervals (CIs) for each of the predictors from the corresponding model. 

Aim 2: Regularized logistic regression

We tested the performance of three types of variable selection algorithms that determine 

and regularize a subset of variables: (1) lasso, (2) ridge, and (3) elastic net (Tay et al., 2023). The

lasso, ridge, and elastic net algorithms all impose a penalty during the estimation process on the 

size of regression parameters while simultaneously minimizing error (i.e., residual sum of 

squares). Each differ in the type and size of the penalty for parameter values (Kotsiantis, 2007). 

Additionally, the above methods all involve tuning parameters, which aim to optimize 

performance and are determined via a 10-fold cross validation. We tuned the models via a grid 

search of hyperparameters chosen based on minimum mean squared error for ridge and lasso and

accuracy for elastic net. The models were then applied to the holdout set. We used the glmnet 

(v4.1-8) R package (Friedman et al., 2021) for lasso and ridge, and caret (v6.0-94) package

(Kuhn et al., 2020) for elastic net. For Aims 2 and 3, we included all 209 predictors. 

Aim 3: Machine learning algorithms 

We conducted three types of machine learning algorithms: (1) random forests, (2) 

gradient boosting, and (3) linear support vector machines. Random forest and gradient boosting 

methods are based on decision tree algorithms, in which a collection of trees are built and 

aggregated via their predicted values (Kotsiantis, 2007). Each differ in how trees are grown and 

the size of the trees. Decision tree algorithms are common approaches with imbalanced data. 

Support vector machine models aim to find the optimal hyperplane (either linear or nonlinear) 
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separating data points in a multidimensional space. We used the caret (v6.0-94) package for 

random forest and gradient boosting (Kuhn et al., 2020), and the e1071 (v1.7-13) package for 

support vector machines (Dimitriadou et al., 2009). Similar to Aim 2, the above methods all 

involve tuning parameters determined via internal, 10-fold, cross validation. The tuning grid of 

parameters was iteratively tested and determined to balance both performance and computational

intensity (i.e., computation time, hardware resources, mathematical complexity); evaluation was 

based on accuracy metrics. We chose the Aims 2 and 3 algorithms due to robustness in research

(Kessler, Stein, et al., 2017; Kessler et al., 2015; Walsh et al., 2017). For the random forest and 

boosting models, we reported the top 20 variables based on variable importance, which is a 

measure of the relative contribution of each variable. Hyperparameters tuned for Aims 2 and 3 

are provided in SOM 7. 

Sensitivity Analyses

We conducted two sensitivity analyses. First, the main prediction window was within 6 to

12 months after the last visit of the treatment period, however predicting suicidal behavior within

a closer period may be more clinically relevant. Therefore, we conducted a sensitivity analysis 

predicting suicidal behavior within 1 and 6 months after the last date of the visit period (0.71% 

of treatment periods). Second, we evaluated two support vector machine kernels (radial and 

polynomial) in separate models to examine nonlinear hyperplanes. Support vector machines 

operate through a kernel function, which is a data transformation technique that determines the 

similarities between data points. Kernel functions are computationally efficient methods in high-

dimensional predictor spaces that map predictor coordinates. Note that these kernels were 

examined separately from the linear kernel in the main analysis. 
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Results
Aim 1

Logistic regression with a priori predictors (e.g., nine variables indexing depression, 

anxiety, substance use, prior suicide attempt, and sex) demonstrated acceptable performance 

when predicting suicidal behavior within 6-12 months with an AUC of 0.77 (95% CI, 0.72-0.82).

Using a 10% decision threshold, sensitivity was high (0.91) and specificity was low (0.40). 

Performance was similar when modeling logistic regression with predictors derived from the 

seven highest AUCs; the AUC was acceptable (0.80 [95% CI, 0.75-0.85]), sensitivity was high 

(0.91), and specificity remained low (0.40) Across both models, PPV remained low (0.01 for 

both) and NPV remained high (estimates were rounded) for each model. The net benefit was 

negative for each model (-0.06). The classification metrics of each model can be found in Table 

2 (and additional metrics in SOM 10).

The odds ratios (ORs) and confidence intervals for each predictor in the multivariable 

logistic regression models are reported in SOM 8 and 9. For a priori-chosen predictors, four 

predictors demonstrated large magnitudes when predicting suicidal behavior within 6-12 months:

antidepressant prescription within one month prior to treatment initiation (OR, 9.60 [95% CI, 

8.11-11.41]), suicide attempt diagnosis at intake (OR, 8.59 [95% CI, 7.90-9.35]), female sex 

(OR, 5.81 [95% CI, 5.48-6.16]), and substance use disorder diagnosis at intake (OR, 5.03 [95% 

CI, 4.00-6.35]). For predictors derived from the seven highest AUCs, age, female sex, inpatient 

admission within the treatment period, self-reported chief complaint of self-harm at the first visit 

date, anxiety diagnosis, suicide attempt diagnosis, and prescription for mood stabilizer between 

1-12 months prior to the treatment period was identified. The largest predictor based on 
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magnitudes was prescription for mood stabilizing drug within 1-12 months prior to the first visit 

date (OR, 9.76 [95% CI, 8.85-10.77]).

Aim 2

Ridge, lasso, and elastic net regression demonstrated poor or acceptable model 

performance when predicting within 6-12 months. Ridge and lasso demonstrated poor AUCs 

(0.66 [95% CI, 0.58-0.74] and 0.70 [95% CI, 0.63-0.77], respectively), and elastic net 

demonstrated an acceptable AUC (0.77 [95% CI, 0.72-0.83]). Sensitivities were moderate (range

from 0.65-0.86), specificities were low to moderate (range from 0.50-0.62), and PPVs were 0.01 

based on 10% decision threshold. The net benefit was -0.04 for ridge and lasso, and -0.05 for 

elastic net. Metrics are found in Table 2 and SOM 10. 

Aim 3

For Aim 3 models, AUCs ranged from 0.64-0.80; random forest demonstrated the highest

AUC (0.80 [95% CI, 0.74-0.86]). Using a 10% decision threshold, sensitivities from 0.33-0.84, 

and specificities from 0.48-0.89. Net benefit was slightly positive for random forest (0.05) and 

negative for gradient boosting and support vector machines (-0.04 and -0.03, respectively). 

Metrics are found in Table 2 and SOM 10.  The variable importance of the top 20 variables in 

the random forest and boosting models for each outcome are reported in SOM 11. The top 

variables were similar to those in Aim 1 (i.e., inpatient admission, female sex, prior suicide 

attempt or self-harm, psychiatric medication receipt), however both random forest and boosting 

utilized demographic variables (e.g., neighborhood deprivation, paternal educational attainment, 

length of treatment), parental information (e.g., maternal criminal convictions) and stressful life 
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event/trauma indicators (e.g., neglect, physical abuse, child separation). For random forest, the 

variable of highest importance was a mood stabilizing drug prescription between 1-12 months 

prior to the treatment period when predicting suicidal behavior within 6-12 months. For gradient 

boosting, it was receiving a suicide attempt diagnoses at time of intake. For all models across 

aims, the confusion matrix with the 10% threshold can be found in SOM 12. Thresholds were 

updated to include 5% and 25% (confusion matrices presented in SOM 13 and 14; model 

estimation results presented in SOM 15 and 16). Across models, lowering the threshold resulted 

in increased sensitivity and decreased specificity. Figure 1 presents the ROC plot.  

Sensitivity Analyses  

Given clinical interest to predict suicidal behavior more closely to the end of treatment, 

we added an additional outcome of suicidal behavior within 1 and 6 months after the last visit in 

the non-overlapping treatment period. There was a total of 306 events of suicidal behaviors 

within 1 and 6 months (SOM 17). Classification metrics using 5, 10, and 25% probability 

thresholds are presented in SOM 15, 18, and 16, respectively. Compared to suicidal behavior 

prediction within 6-12 months in the main analyses, AUCs increased (range 0.78-0.85), with the 

highest AUC observed for AUC-derived logistic regression model. Based on a 10% decision 

threshold, sensitivities ranged from 0.46-0.97 and specificities ranged from 0.40-0.92 (SOM 18).

To examine support vector machines that develop nonlinear hyperplanes, we conducted 

two sensitivity analyses of support vector machines with radial and polynomial kernels. Results 

from the support vector machine radial and polynomial kernel demonstrated poor overall 

performance for both the 1-6- and 6-12-month outcomes (AUCs around 0.50; SOM 19). 
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Discussion

The primary objective of the current paper was to examine performance across models in the 

classification of suicidal behavior within 6-12 months after contact with mental health specialty 

care among adolescents using predictors from multiple domains. Two primary findings can be 

concluded: 1) machine learning methods (random forest, gradient boosting, and support vector 

machines) did not substantially outperform standard logistic regression and elastic net 

regularized regression across the majority of metrics, and more broadly, performed poor in 

prediction of suicidal behavior within 6-12 months, and 2) based on sensitivity, the models that 

demonstrated the overall best performance were the standard logistic regression models, 

followed by elastic net regularized regression. We expand on each finding below.

First, random forest, boosting, and support vector machine demonstrated comparable 

performance as Aim 1 and 2 models when examining AUCs. Results are consistent with a prior 

study (van Mens et al., 2020), in which various models predicting suicidal ideation and suicide 

attempts within 12 months of baseline among young adults were compared. Model performance 

was similar across logistic regression, random forests, gradient boosting, and support vector 

machines, however random forest had superior PPV than logistic regression when predicting 

suicidal ideation and attempt. Interestingly, van Mens et al. (2020) utilized numerous 

psychological measures (e.g., entrapment, defeat) which differed than our study’s use of 

demographic, diagnostic, and psychosocial information. Within our study, random forest and 

AUC-derived logistic regression models had the same AUC (0.80) and PPV, and the AUC-

derived logistic regression model had superior sensitivity than random forest (0.91 vs. 0.84) at 

the 10% decision threshold. In addition to assessing model performance based on AUCs, 

sensitivities, and specificities, we included numerous additional evaluation metrics. Notably, we 

23



included the net benefit in efforts to determine potential clinical impact. All net benefits were 

negative at the 10% threshold (indicating the benefits of classification do not outweigh potential 

harms) except one: random forests predicting suicidal behavior between 6-12 months post-

treatment period (0.05). The positive net benefit compared to the other models may suggest that 

random forest offers slightly improved clinical utility. Net benefit is an increasingly reported 

metric that can aid in comparing the potential clinical benefit between machine learning 

algorithms to standard regression models (Ehrmann et al., 2023), as well as compare models to 

no intervention (i.e., not classifying individuals). While sensitivity was high for numerous 

models, sensitivity remained low to moderate, highlighting the potential cost to false positives. 

The lack of clear inferior performance of Aim 1 models compared to Aim 3 suggests the 

machine learning algorithms may not be necessary to model the data utilized in this study. The 

benefit of the machine learning algorithms in highly complex prediction problems may, indeed, 

be too complex for the current classification. These findings align with prior reviews comparing 

logistic regression and machine learning methods, which fail to support the improvement in 

performance of machine learning methods above logistic regression (Christodoulou et al., 2019). 

Franklin et al.’s (2017) meta-analytical finding that there has been little improvement in suicide 

prediction over the past 50 years prompted their statement that “the additive or interactive effects

of a small number of risk factors would also produce inaccurate prediction.” Findings such as 

ours call into question this statement. We note that detecting significant improvements of 

machine learning algorithms over standard regression may be hindered by the low statistical 

power. Prior research has outlined approaches to determine sample size requirements to improve 

precision (Riley et al., 2020), which are higher for machine learning than for standard statistical 

models. 
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While there is not a direct comparison between predictors utilized in Aims 1 and 3, random 

forest and boosting utilized variables outside the domains included in the standard logistic 

regression models, such as neighborhood, parental health diagnoses, and stressful life 

events/trauma. The comparable performance of Aim 3 models, however, may reduce the impact 

of these variables to inform future modeling. Future research that includes predictors outside of 

demographic and psychiatric factors traditionally derived from EHRs can continue to examine 

the added benefit of these variables. 

In the current study, prior suicidality, psychiatric disorders/medications, and demographics 

(age, female sex) may be sufficient to develop well-performing models. While we included 

clinician-reported questionnaires related to the reason an individual was seeking care, which 

could capture time-varying risk factors, the majority of our candidate predictors likely captures 

more stable factors, such as psychiatric diagnoses, medical diagnoses, and family history. 

Therefore, the current study speaks to the ability of predictors derived from EHRs and registers 

to predict suicidal behavior within a short time period after a given visit/treatment period. While 

a prior study concluded that the inclusion of imminent risk factors (e.g., hopelessness, loneliness,

agitation, insomnia, life dissatisfaction, acquired capability, self-injurious behavior) did not 

improve machine learning model performance (Ribeiro et al., 2019), future research may benefit 

from more thoroughly examining the combination of self-reported measures of imminent factors,

EHR-derived data (e.g., diagnostic codes), family-level factors, and neighborhood-level factors 

in machine learning models.

Second, based on sensitivity, standard logistic regression models performed the best. At the 

10% threshold, sensitivity for 6-12 month prediction was 0.91 for both logistic regression with a 

priori predictors and AUC-derived predictors. This was closely followed by elastic net and 

25



random forest at sensitivities of 0.86 and 0.84, respectively. A prior study using similar Swedish 

registry data predicting suicidal behavior within 30 and 90 days following psychiatric specialty 

care found similar performance between elastic net, random forest, gradient boosting, and neural 

network algorithms (Chen et al., 2020). Another study predicting suicide after outpatient visits 

using Veterans Administration data also found an elastic net model with 10-14 predictors 

optimized performance (compared to naïve Bayes, random forest, support vector machines)

(Kessler, Stein, et al., 2017). Among high-risk adolescents, one study found that logistic 

regression performed similarly as machine learning techniques (Jung et al., 2019), which is 

mirrored in the current study. 

Clinical implications

The findings suggest that a few key variables may be particularly powerful in predicting 

suicidal behavior 6-12 months after specialty mental health care, including depression and 

antidepressant medication use, anxiety, substance use disorder, sex, inpatient hospitalization 

history, and self-harm/suicide attempt history. These are not novel predictors and are often 

included in routine clinical assessment. However, if clinical assessment is time-limited and 

focuses primarily on suicidality (e.g., ideation, plan, and intent), clinicians may consider 

prioritizing additional assessment of depression, anxiety, and substance use if time allots. 

Partially catalyzed by the rise of machine learning models and subsequently doubting their 

utility, researchers have stressed the need to re-focus attention on suicide prevention, not 

prediction, through increasing the implementation of evidence-based suicide intervention. The 

sentiment behind this argument is motivated by prediction models: (a) often including predictive 

risk factors rather than causal risk factors, (b) demonstrating limited clinical utility due to poor 
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sensitivity and specificity metrics, and (c) over-emphasizing risk categorization (e.g., low, 

moderate, high risk), thereby potentially causing harm by forgoing thorough suicide assessment 

and intervention among individuals categorized as low or moderate risk (Pisani et al., 2016). 

While the primary goal of prediction is not to determine causality, some researchers have 

questioned how machine learning models using non-causally implicated risk factors (i.e., those 

traditionally included in epidemiological studies often derived from EHRs, such as psychiatric 

disorders) perform compared to those using factors conceptualized in causal theories (e.g., 

perceived burdensomeness, pain, hopelessness, acquire capability to die). Theoretically, it would 

be expected that models including causally implicated factors would outperform those without 

such factors. However, a meta-analysis compared machine learning models to standard 

regression models with theoretically derived factors (e.g., Ideation-to-Action, biosocial, 

hopelessness models) and found that machine learning models outperformed theoretical models 

as measured by weighted odds ratios (Schafer et al., 2021). In terms of clinical utility, Simon et 

al. (2019) identified that risk identification models for suicide attempt are comparable to risk 

models for breast cancer and cardiovascular events that have informed their respective fields’ 

prevention guidelines. To state that machine learning models are unacceptable due to 

performance metrics, such as positive predictive values or sensitivities that are too high or too 

low depending on the setting needs, is to misunderstand to what machine learning models are 

compared. Clinical judgment is often insufficient to guide decision making (Tucker et al., 2018); 

however, clinical judgment is the primary source of guidance when making risk decisions about 

future suicide risk within the minutes, hours, and days after contact. Knowing the limitations of 

clinical judgment, predictive models (broadly defined to include regression models) should be 

evaluated to consider how they can augment clinical decision making rather than replace it. 

27



Additionally, risk categorization is not a defining feature of actuarial methods, which can provide

probability scores such as OxMIS (Fazel et al., 2019) and OxSATS, (Fazel et al., 2023) rather 

than low/high risk categories based on specified thresholds. Arguably, clinicians are making risk 

judgments without being prompted by prediction models. The reality of false negatives speaks to

the importance of comprehensive assessment, informed by clinical judgment and actuarial 

models. Patient-centered research, both quantitative and qualitative, is critical in exploring the 

real-world implications of how and when to use predictive modeling. For example, a qualitative 

study of patient feedback around the REACH VET program suggested that 78% of individuals 

did not feel hopeless after high-risk identification (Reger et al., 2021). 

The apprehension around prediction, both its clinical utility and how to do so ethically

(Tucker et al., 2018), has implications for the current findings. Given that lack of inferior logistic

regression performance, one may conclude that machine learning models are insufficient to 

predict suicidality in the short-term. While perhaps grounded in necessary skepticism, we caution

against this conclusion for two reasons. First, machine learning is often assumed to be a data-

driven approach without input from expert-opinion/theory-driven approaches. This 

dichotomization is overly simplistic. Arguably, the logistic regression model with a priori 

predictors could be considered a data-driven approach (albeit with more theory input), as a 

prediction model is developed and applied to a holdout dataset. On the other hand, theory 

informed the choice of predictors, which were included in machine learning algorithms. Second, 

machine learning used to predict suicidality, relative to prior research examining a limited 

selection of predictors, is a new field. Ongoing comparison against standard logistic regression, 

and even clinical judgment, is necessary to contextualize machine learning results. This is 

particularly relevant when considering metrics such as net benefit to assess clinical utility. 
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While the current study questions the added benefit of machine learning models to predict

adolescent suicidal behavior in specialty mental health settings, it does not necessarily negate 

their use entirely. There are a variety of subpopulations, settings, and outcomes that have yet to 

be explored. While we compared numerous models, it may be beneficial to compare logistic 

regression models to clinician prediction based on a given set of predictors, which may more 

accurately reflect a “baseline” model. 

Additionally, we highlight that the aim of the current paper was not to develop a 

deliverable clinical product, despite the goal of many machine learning models to improve 

precision medicine. Clinical deployment requires iterative testing within the clinical sample and 

quality improvement over time to examine potential biases. This is particularly relevant as we 

used a 10% threshold; clinical thresholds should be determined by the unique constraints of the 

clinical setting. For example, in one study, model thresholds were based on obtained 90% or 

95% specificity (Barak-Corren et al., 2016). Importantly, even if prediction modeling achieves 

acceptable evaluation metrics, clinician uptake may be poor (Bentley et al., 2022). Ethical 

considerations will guide implementation and will need to be iteratively applied based on results 

of prediction modeling, the changing healthcare landscape, and patient and physician feedback

(Tucker et al., 2018). 

Strengths and limitations

Key strengths of this study include (1) a large, representative sample of youth seeking 

mental health care (primarily outpatient), and (2) the use of multiple variable selection and 

predictive modeling approaches. The majority of prior suicide machine learning studies have 

been conducted on adults presenting in emergency departments or inpatient hospitals (Bernert et 
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al., 2020). The use of a youth, primarily outpatient sample provides a more robust understanding 

of how these models perform across groups and settings. We leveraged national registers to 

include variables across numerous domains, including neighborhood and parental variables, 

which have not been commonly included in machine learning suicidality studies. In addition to 

the advantages provided by the expansive data linkages, we structured the aims of the paper to 

examine model performance from logistic regression to machine learning models. Finally, we 

presented both discrimination and calibration statistics to address a gap in prior machine learning

studies. Model comparisons are often based solely on AUCs, and a meta-analysis found that less 

than a third of studies reported accuracy, sensitivity, and specificity statistics (Bernert et al., 

2020). Model performance interpretation is improved when numerous metrics are considered 

given potential limitations of a single metric, especially given clinical implications. 

Several limitations should be considered. First and foremost, our original datasets were 

severely imbalanced (0.65% of treatment periods were followed by a suicidal behavior event). 

We addressed this imbalance through oversampling, including various models, and evaluating 

along different metrics. These approaches may be insufficient to handle such imbalanced data, as 

echoed in a recent review (Nordin et al., 2022). Research suggests that oversampling approaches 

show improvement in prediction (Malhotra & Kamal, 2019), which will likely artificially inflate 

the AUC estimates. Thus, our AUC estimates are better viewed in comparison to each other, 

rather than with non-oversampled datasets. Future studies should retain imbalance in the dataset 

(and subsequently conduct internal cross-validation to avoid data splitting). Relatedly, given the 

low base rate of suicidal events, we may lack statistical power affecting model fit. Modeling 

choices (e.g., rescaling continuous variable) may also exacerbate power concerns. Second, we 

used random splitting, which is not the ideal splitting technique as it may demonstrate 
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performance that is too optimistic (Altman et al., 2009). Temporal splitting may be more 

appropriate to help prevent inflated model performance and to capture prospective prediction 

akin to real-world settings; however, research suggests the impact of splitting technique lessens 

when the dataset is larger (Birba, 2020). Third, as noted above, the models performed better for 

prediction within 1-6 compared to 6-12 months. This may be reflective of how suicidal behavior 

is captured in this study. Apart from self-reported reason for treatment initiation, suicidal 

behaviors were gathered from ICD codes in medical records. It is unclear whether codes are 

carried over to future encounters and, therefore, one event is inaccurately being represented as 

multiple. We attempted to resolve this issue by adding a month gap between last treatment visit 

and prediction in the sensitivity analysis and being conservative in our prediction by focusing on 

6-12 month prediction in the main analysis. Fourth, inpatient and outpatient clinics were 

included in the study; approximately 80% of clinics were outpatient, however prediction from 

inpatient may be different than outpatient. We included a predictor of whether an individual 

visited an inpatient clinic during the treatment period in attempts to capture differences in 

severity. Fifth, many predictors had low variance, which may prove problematic in machine 

learning models (Guo et al., 2008). In our data pre-processing steps, we eliminated variables with

zero variance or combined related disorders. We did not further eliminate variables based on low

variance as this decision would have been arbitrary and we wanted to examine how these 

variables would perform within a multivariable space. Sixth, we conducted a complete case 

analysis. While this resulted in excluding only 5.1% of treatment periods, multiple imputation 

approaches may be more appropriate. Seventh, one of the logistic models was generated by 

conducting bivariable analyses among each candidate predictor and the outcome and then 

choosing the top seven. Future research should compare bivariable to multivariable models to 
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choose the top performing predictors. Eighth, we focused on the prediction window of 6-12 

months after the treatment period (with a sensitivity analysis of 1-6 months). However, clinical 

decision making can operate under shorter windows (e.g., hours, days). Prior studies have 

included windows as short as 0-3 days (Walsh et al., 2017; Walsh et al., 2018). However, with 

shortened prediction windows, PPVs often decrease (Simon et al., 2019). Some researchers have 

therefore called for longer follow-up windows (Zhong et al., 2019; Zhu & Zheng, 2018), which 

contrasts the push for short-term windows. This discrepancy among researchers reflects the 

trade-off between clinical utility and statistical constraints affecting performance metrics. Nineth,

we did not have access to candidate predictors in the following areas: hopelessness, 

connectedness, or perceived burdensomeness that are causally implicated; biological assays; 

neuroimaging; data from wearable devices; and natural language processing (Bernert et al., 2020;

Schafer et al., 2021). Tenth, we did not have access to racial/ethnic or gender identity 

information, which are critical variables to inspect when determining potential biases of machine

learning algorithms. Finally, we were not aware of the reason for treatment termination (e.g., 

symptom remission, referral to a different provider, or frequent cancellations/no-shows), which 

could be a predictor for suicidal behavior.

Conclusion

The aim of the current paper was to assess the performance of several prediction 

modeling algorithms of suicidal behavior (defined as 6-12 months) among youth after contact 

with a mental health specialist in Stockholm, Sweden. We did not find support for the 

outperformance of random forest, gradient boosting, or support vector machine algorithms over 
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standard logistic regression or variable selection models). Future research is needed to examine 

how prediction models can augment clinical decision making in real-world settings. 
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