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Chapter 3
Machine Learning for Suicide Prediction 
and Prevention: Advances, Challenges, 
and Future Directions

Shirley B. Wang, Walter Dempsey, and Matthew K. Nock 

In the 50 years from 1965 to 2015, researchers published over 350 papers examin-
ing variables that might enhance the prediction of youth suicidal thoughts and 
behaviors (STBs). Unfortunately, a meta-analysis of this work found predictive 
accuracy has not increased over time, but rather, it has remained just slightly above 
chance for all outcomes (Franklin et al., 2017). One possible explanation is that the 
vast majority of studies have focused on single risk factors from the same few 
domains (e.g., mental health) combined in simple ways (e.g., multiple linear regres-
sion) across extended timeframes (e.g., >10 years). To address these limitations, 
researchers recently have turned to novel machine learning methods, which can 
model high-dimensional datasets with potentially complex nonlinear relationships 
among risk factors and outcomes. These studies have so far demonstrated superior 
performance of machine learning compared to traditional statistical methods 
(Linthicum et al., 2019). For instance, machine learning models have provided high 
accuracy in predicting suicide attempts in large, nationally representative surveys 
(García de la Garza et  al., 2021), US Army soldiers (Kessler et  al., 2017), and 
patients hospitalized for suicidal thoughts and behaviors (Wang et  al., 2021). 
However, several outstanding questions remain regarding how to best build and 
implement machine learning models to guide clinical decision-making. In this 
chapter, we discuss key challenges at each step of the research process to provide 
recommendations for researchers, clinicians, and policy makers interested in 
machine learning for youth suicide prevention. Of note, we focus on broad, higher-
level concepts throughout this chapter, rather than technical aspects of 
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implementation and analysis, and direct interested readers to recent tutorials and 
textbooks for greater technical detail (Dwyer et al., 2018; Kuhn & Johnson, 2013). 

 Important Questions and Challenges

 Data Collection

How researchers collect data influences the effectiveness of STB prediction. Choices 
made during data collection can significantly impact a model’s accuracy. For 
instance, models using predictors that are causes of the outcome may be more 
deployable in other sites than models with predictors that are effects of the outcome 
(Piccininni et al., 2020), though model adjustments also remain important if site 
populations are very different from one another. In addition to predictor selection, 
researchers should carefully consider the timeframes of interest. Most existing 
youth STB prediction models have considered long follow-up periods (an average 
of 7.9 years for adolescents; Franklin et al., 2017), which do not reflect the time-
frame of greatest clinical interest (i.e., risk of a patient attempting suicide in the next 
few days, weeks, or months), especially during periods of rapid emotional and cog-
nitive development. Recent research harnessing advances in smartphone and wear-
able biosensor technology has enabled shorter-term risk prediction during these 
critical time periods (e.g., following psychiatric hospitalization) (Wang et al., 2021) 
demonstrating that despite the time- and effort-intensive nature of real-time moni-
toring studies, they can provide important data for STB prediction in high-risk time 
periods. 

 Model Building 

Numerous machine learning algorithms have been applied in STB prediction, 
including regularized regression (e.g., elastic net), random forests, neural networks, 
and naive Bayes classifiers. A full review of these models is beyond the scope of this 
chapter, and we encourage readers to consult excellent reviews (Dwyer et al., 2018) 
and textbooks (James et al., 2013) for greater technical detail. It is worth noting that 
each approach has benefits and drawbacks, with complex nonlinear methods (e.g., 
random forests, neural networks) typically requiring more data to perform well and 
yielding higher prediction accuracy at the cost of lower interpretability, and vice 
versa for simpler linear methods (e.g., regularized regression). When choosing an 
algorithm, researchers should consider their ultimate goals, which could be (1) to 
maximize accuracy, (2) to interpret the logic of how each variable contributes to the 
prediction of outcomes, or (3) to identify potential targets for prevention and inter-
vention efforts. 
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Once an algorithm has been selected, an important question is whether to con-
sider missing data as a predictor in the model. Such an informative missingness 
approach has the potential to pick up on key contributors to suicide risk. For 
instance, in a sample of nearly 4,000 US Army soldiers, nonresponse to a question 
about suicidal thinking emerged as a particularly strong predictor of future suicide 
attempts (Nock et  al., 2018). However, researchers should proceed with caution 
when using missingness as a predictor in machine learning models, as changes to 
study design would lead to changes in missing data patterns, and some evidence 
suggests it may also introduce bias into models that generalize poorly to new data 
(van Smeden et al., 2020). Following these decisions, researchers should split data 
into training and test datasets to reduce likelihood of overfitting and evaluate accu-
racy with multiple metrics for a complete understanding of model performance. 

 Model Implementation and Translation

As our ability to refine predictive models improves, they can be implemented in set-
tings where youth with elevated suicide risk are most likely to present, such as 
healthcare settings. How models are best implemented is discussed here. Broadly 
speaking, there are three options. The first involves building a model and applying 
this exact model to new sites. This often is used for other health outcomes, such as 
eye diseases, cardiac abnormalities, and cancer (Ngiam & Khor, 2019). Benefits of 
this approach include faster implementation and model dissemination, while draw-
backs include less tailoring to site characteristics that could influence predictive 
accuracy (e.g., population health status, prescribing patterns, billing code assign-
ments). Another approach involves using the same modeling approach but training 
a new model at each new site. Across five US healthcare systems, a recent study 
using this approach found remarkably consistent accuracy for predicting suicide 
attempts (Barak-Corren et al., 2020). The third option offers a compromise: rather 
than build entirely new models or implement identical models across sites, research-
ers could use existing models to update models for new populations. This could 
involve shrinkage of a new model toward existing models or using information from 
previous models as priors at new sites. 

A related concern in implementing machine learning models involves temporal 
drift. For example, it is unknown if a model built in 2020 would show similar accu-
racy in the same population in 2030. This challenge is perhaps best exemplified by 
the current worldwide COVID-19 pandemic. Many models built prior to COVID-19 
may fail to adequately capture the importance and magnitude of current strong pre-
dictors of STBs, such as feelings of isolation (Fortgang et al., 2021). Thus, even 
after models are implemented clinically, they should be continually updated based 
on newly available data. 
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 Using Models to Guide Clinical Decision-Making

Healthcare providers must also consider how to integrate information from machine 
learning models into their decision-making. A critical concern when working with 
high-risk patients is forecasting risk of suicide to make decisions about clinical care 
and need for hospitalization. The goal of building and implementing STB prediction 
models is not to replace clinical judgment, but rather to guide, support, and augment 
clinical decision-making. For instance, when faced with a decision about whether to 
hospitalize or discharge a patient who may be at risk for suicide, clinicians could 
consult predictions from a machine learning model, just as they may consult other 
members of the clinical care team. 

However, two concerns that undermine use of models currently are the high rate 
of false positives and false negatives in STB prediction models to date. The problem 
of false positives has been noted as early as the 1980s (Pokorny, 1983) and contin-
ues to present challenges with integrating machine learning into clinical decision-
making today. As psychiatric hospitalization is often the first-line intervention for 
individuals at imminent suicide risk, high false positive rates could risk unnecessary 
hospitalization for thousands of patients erroneously predicted to be at acute suicide 
risk annually. When hospitalization occurs in the absence of clinical need, this can 
have serious iatrogenic effects via increased distress, stigma, trauma (e.g., witness-
ing threatening/violent behavior from patients or staff), coercion, and loss of auton-
omy, particularly for involuntary hospitalizations (Ward-Ciesielski & Rizvi, 2020). 
Many hospitals are already overburdened, and false positives may compromise a 
hospital’s ability to meet the needs of true positive cases. Failing to detect acute 
suicide risk when it exists (e.g., false negatives) is also highly concerning as they 
represent missed opportunities for timely and potentially lifesaving intervention. In 
light of these potentials for harm, machine learning models should be used to aug-
ment, not replace, clinical decision-making. 

 Ethics of Machine Learning for Youth Suicide Prediction

Accurate prediction of youth suicide is only useful insofar as there are effective 
STB prevention strategies. Unfortunately, we currently lack strong and universally 
effective interventions (Fox et al., 2020), and the common intervention of hospital-
ization has serious potential harms, including high suicide risk post-discharge. 
Crucially, we do not know if psychiatric hospitalization helps more people than it 
harms nor the precise effectiveness of hospitalization in preventing suicide (Large 
& Kapur, 2018). Thus, alongside research optimizing machine learning algorithms 
for STB prediction, there is a critical need to develop and disseminate effective and 
scalable STB interventions, particularly for youth (see Thomas et al., Chap. 15, this 
volume; Zullo et al., Chap. 8, this volume). 
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Regardless of these limitations, researchers and clinicians must know how to 
respond if a child or adolescent is predicted to be at high suicide risk. A recent 
Delphi study by Nock et al. (2021) including scientists, clinicians, ethicists, legal 
experts, and individuals with lived experience provided a consensus statement that 
individuals identified in a research context to be at high risk for suicide should (1) 
be contacted as soon as possible (including contact with parents), (2) receive an 
individualized safety plan, (3) receive additional risk assessment, and (4) receive 
personalized outreach rather than automated contact. Importantly, many experts dis-
couraged calling 911 as a standard response, as police contact can result in elevated 
rates of physical force, trauma, and death, particularly for racial or ethnic minorities 
(Nock et al., 2021). We also note that simply contacting people predicted to be at 
high suicide risk is itself an intervention, the effects of which are unknown and 
worth investigating. Although this Delphi study was conducted in the context of 
real-time monitoring research studies, many principles may apply to ethical con-
cerns of machine learning risk predictions. We encourage researchers, clinicians, 
and policy makers to continually update best-practice guidelines over time as more 
data and considerations become available.  

 Future Directions

In this chapter, we have outlined critical unanswered questions at every stage of the 
process from building to implementing machine learning models for youth suicide 
prevention. Clearly, there is much work to be done, and we believe that expertise is 
needed from multiple domains and perspectives, including psychology, psychiatry, 
and clinical practitioners, in addition to computer scientists, statisticians, ethicists, 
and those with lived experience. Collaborative science is essential for making mean-
ingful progress especially in the challenging arena of predicting suicide risk. 

In addition to data-driven machine learning methods, we also note the impor-
tance of strong theory in advancing STB prediction and prevention. Although there 
are many influential suicide theories, these have all been instantiated verbally, 
which renders them underspecified due to the inherent imprecision of language. 
Formalizing theories using mathematical and computational modeling can advance 
the prediction and prevention of suicide by identifying factors causally associated 
with STBs and potential targets for intervention (which can also be simulated to 
understand if, how, and why a treatment may be effective for reducing suicide risk). 

Both theory- and data-driven computational work are crucial for youth STB pre-
vention. Machine learning has revolutionized many fields of medicine over the past 
decade. To make similar progress, we need a better understanding of the causes of 
STBs, the effect of model predictions on clinical decision-making, external valida-
tion of models, best-practice ethical guidelines, and effective and scalable interven-
tions. In addition, greater funding for suicide research is crucial for driving 
innovation and exploring the challenges described above. Whereas increased fed-
eral funding has led to declines in other leading causes of death (e.g., tuberculosis) 
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over the past century, funding for suicide research has lagged far behind, and the 
suicide rate today is nearly identical to what it was 100 years ago (Fortgang & Nock, 
2021). Increased funding and policy to support continued research in prediction of 
youth suicide can provide critical information to inform the development and imple-
mentation of machine learning models to meaningfully reduce suicide in youth. 
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the copyright holder. 

S. B. Wang et al.

http://creativecommons.org/licenses/by/4.0/

	Chapter 3: Machine Learning for Suicide Prediction and Prevention: Advances, Challenges, and Future Directions
	Important Questions and Challenges
	Data Collection
	Model Building
	Model Implementation and Translation
	Using Models to Guide Clinical Decision-Making
	Ethics of Machine Learning for Youth Suicide Prediction

	Future Directions
	References




