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ABSTRACT

Purpose: To conduct a systematic review of machine learning models for predicting violent behaviour and appraising the validity, usefulness and performance of these
models.

Methods: We systematically searched nine bibliographic databases and Google Scholar up to September 2025 for development and/or validation studies on machine
learning methods for predicting violent behaviour. We extracted discrimination and calibration performance statistics and evaluated study quality by examining risk
of bias and clinical utility.

Results: We identified 38 studies reporting the development and validation of 40 machine learning models. Reporting of performance was mostly limited to the Area
Under the Curve (AUC) statistic (n = 29, 72%) and around a fifth studies reported calibration performance (n = 8, 21%). The range of AUC in the included models
was 0.50-0.98. There was a lack of external validation (3 studies, 8%). There was high risk of bias in 31 (82%) investigations, mainly in the analysis domain. There
was risk of overfitting due to small samples, lack of transparent reporting, and low generalisability of the models.

Conclusion: Current machine learning models for violence prediction have poor clinical utility. Future work should consider utilising machine learning methods for
highly complex data and dynamic predictions for higher precision. Developing more trustworthy models with explainable algorithms and causal predictions should

be prioritised.

1. Introduction

Preventing criminal behaviour, and particularly serious crimes
involving interpersonal violence, is a core aim of all criminal justice
systems. In many low- and lower-middle-income countries, interper-
sonal violence is one of the leading causes of death or serious injury
(United Nations Office on Drugs and Crime, 2023a, 2023b). Even in
higher-income countries, such as the USA, domestic violence is a leading
cause of maternal mortality (Lawn & Koenen, 2022). Criminal justice is
also concerned with preventing reoffending. A meta-analysis of criminal
recidivism rates worldwide showed that violent crimes have higher
reoffending rates than sexual and traffic-related crimes (Yukhnenko
et al., 2023). Further, despite violence being an uncommon outcome
in people with mental disorders (Whiting et al., 2021), violence pre-
vention is important to reduce morbidity and costs and enhance re-
covery, and relevant for other services. These overlapping problems — in
criminal justice and its intersection with health and other public services
— mean that there is a need for models and tools that can assess and
stratify violence risk. Such approaches can inform decision-making
about violence prevention measures.

There are many violence prediction tools, also known as risk
assessment instruments (Fazel et al., 2022). In recent years, their
development has shifted from standard regression-based modelling to
more advanced statistical methods, including machine learning. Ma-
chine learning (ML) is an umbrella term describing several computa-
tional methods that perform a task based on an existing (training)
dataset (Alpaydin, 2020). Applying ML methods leads to the develop-
ment of an algorithm that learns from the patterns and rules of the data,
and applies these rules to new input data, without directly programming
the task-solving process (Mitchell, 1997). Many different ML methods
exist, and new approaches are increasingly applied.

One way to classify ML methods is to divide them into “interpret-
able” methods and “black box” methods. Interpretable ML methods are
algorithms that have established direct connections between predictors
and outcomes, such as Naive Bayesian (John & Langley, 1995) or de-
cision trees (Rokach & Maimon, 2013). Black box methods, on the other
hand, are usually more complex algorithms, such as neural networks
(Goodfellow et al., 2016) or random forests (Ho, 1998). Therefore, while
interpretable methods are more easily understood, black box methods
solve tasks in ways that are not intuitive, and reaching an understanding
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requires additional training in a specific method or in advanced statis-
tics. Black box methods often achieve higher performance than tradi-
tional methods (Fajar et al., 2024), including in healthcare (Chen &
Asch, 2017); however, a key limitation is that not being able to under-
stand and assess the decision-making process of the tool can create a lack
of trust among those using the methods. Thus, the utility of black box
models in criminology and medicine remains questionable (Petch et al.,
2022). Some experts emphasise the importance of understanding the
causes of predictions made by models to save time and resources. A
review of clinical prediction models in mental health comes to a similar
conclusion: despite rapid progression of the field, clinical utility of
existing models remains highly limited (Meehan et al., 2022). Despite
these limitations of black-box ML methods, recent methodological ad-
vancements and the growing complexity of criminal justice and forensic
mental health datasets support their application, particularly for
detecting complex, nonlinear patterns that traditional statistical ap-
proaches may not capture. ML models have also become increasingly
prominent in the research literature making a systematic evaluation of
their performance timely. As tools based on statistical approaches such
as regression have been comprehensively reviewed elsewhere (Fazel
et al., 2022), this review focuses on ML models to address a gap in the
existing literature. Recent reviews have either focused on discrimination
performance (Parmigiani et al., 2022), or on specific populations and
tool evaluations (Ogonah et al., 2023; Ramesh et al., 2018), but a
broader review of ML in criminal justice is lacking.

To assess the utility of prognostic (or prediction) models, evaluating
them separately from their development process is not sufficient. Cur-
rent markers of high quality include methods that mitigate against
under- or overfitting. Underfitted models do not produce sufficiently
accurate predictions. Overfitting, on the other hand, involves model
development that uses large amounts of data from the training data,
with insufficient outcome events compared to candidate predictors, with
consequences that catch noise and idiosyncrasies, instead of estimating
new outcomes (Goodfellow et al., 2016). An overfitted model thus fails
to generalise patterns beyond the training data, with limited practical
value. On the other hand, a well-performing model is able to correctly
distinguish between positive and negative outcomes (or discrimination
performance), and the produced outcomes are as close as possible to
observed results (calibration performance) (Huang et al., 2020; Walsh
et al., 2017). To ensure that any prediction model can be implemented
in different samples and settings and generalised beyond the training
sample, model validation is necessary. While internal validation is
typically conducted on a subset of the training set sample, external
validation uses data collected either in the different location
(geographic) or different time period (temporal) (Alpaydin, 2020).

To address the evidence gaps in the field, we aimed to provide a field
synthesis of machine learning studies for violence prediction, to assess
performance of these models for different outcomes, to critically assess
performance and utility of models, and present recommendations for
research. As the focus was on black box approaches, rather than inter-
pretable models, we refer to black box models as ML.

2. Methods
2.1. Protocol and registration

A PROSPERO protocol for this review was prepared before carrying
out the initial literature search in July 2024 and is available in Sup-
plementary materials (Supplementary A).
2.2. Literature search

We followed the Preferred Reporting Items for Systematic Reviews
and Meta-analyses (PRISMA) guidelines (Page et al., 2021), and Trans-

parent Reporting of Multivariable Prediction Models for Individual
Prognosis or Diagnosis: checklist for systematic reviews and meta-
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analyses (TRIPOD-SRMA) (Snell et al., 2023). We searched several da-
tabases: Ovid (MEDLINE, Embase, APAPsychArticles, AMED, BIOSIS,
Global Health, PsycINFO), dissertation databases, and Web of Science
Core Collection to identify the papers reporting the development and/or
validation of models predicting any type of violent behaviour (i.e., vi-
olent behaviour in general, violent crime, and other). In the later stage,
we additionally manually searched Google Scholar and grey literature to
identify potentially missed studies. No publication date or language
restrictions were set. The initial search was conducted in July 2024 and
updated in September 2025. The list of keywords used for all databases
is available in Supplementary materials (Supplementary B).

2.3. Eligibility criteria

Studies were considered eligible for inclusion if (i) they described the
development, internal and/or external validation of a multivariable
black box machine learning model for predicting any violent behaviour
in any target sample, (ii) the outcome definition of violence was
consistent with the World Health Organization definition: “the inten-
tional use of physical force or power, threatened or actual, against
oneself, or against a group or community that either results in or has a
high likelihood of resulting in injury, death, psychological harm, mal-
development or deprivation” (World Health Organization, 2014). We
considered for inclusion the following black box methods: neural net-
works, support vector machines, k-nearest neighbours methods, random
forest methods, including gradient boosting, super learners (models
using a set of several methods), and natural language processing
methods (NLP).

We excluded papers that did not account for violence as a separate
outcome, i.e., papers that focus on any form of recidivism. We also
excluded studies that predict victimisation of a person, rather than
perpetration. In addition, we excluded reviews and theoretical papers.
We did not consider those that focused solely on biological variables,
such as neuroimaging or genetics, which were outside the scope of this
review — we focused on those with potential clinical implementation.

2.4. Study selection

In accordance with PRISMA guidelines, two reviewers were involved
in the study selection process. At first, SK reviewed the titles and ab-
stracts of all identified studies, and GS double-screened and validated a
random sample of 20% titles and abstracts. The same procedure was
used to assess eligible full texts. Any disagreements on study selection
were resolved in consultation with SF and DY.

2.5. Data extraction

Data extraction was carried out by SK following the Critical
Appraisal and Data Extraction for Systematic Reviews of Prediction
Modelling Studies (CHARMS) checklist (Moons et al., 2014) using the
automated template (Fernandez-Felix et al., 2023). Data extraction was
later verified by GS. Information on the following variables were
collected: (i) sample demographics; (ii) setting in which data were
collected, e.g., community, probation, hospital, or prison; (iii) study
design; (iv) performance estimates of the model, including measures of
discrimination and calibration.

When articles reported development and testing of multiple models,
for example, comparing neural network and random forest, we included
the model with the highest discrimination and calibration measures. If
models assessed different outcomes (i.e., domestic violence and general
violence) or used different follow-up periods, we included all outcomes
and follow-ups as separate models.

2.6. Summary measures

To assess the predictive performance, we extracted measures of
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discrimination and calibration. The area under the receiver operating
characteristic curve (AUC) is currently one of the most widely used
measures of discrimination, and we extracted it wherever possible. It
reports the probability that the model will assign a higher risk score to a
randomly chosen violent person than a randomly chosen non-violent
person.

The concordance index (c-index) measures a model's ability to
discriminate between individuals by correctly ranking them according
to their risk. It represents the probability that, for a randomly selected
comparable pair of individuals, the individual who experiences the
outcome is assigned a higher predicted risk than the individual who does
not. For binary outcomes without censoring, the c-index is mathemati-
cally equivalent to the area under the receiver operating characteristic
curve (AUC) (Hartman et al., 2023).

For AUC and c-index the results can vary between 0.50 and 1, where
1 means perfect discrimination, and 0.50 means that a model discrimi-
nates no better than a chance. We did not rely on AUC thresholds
because thresholds for prediction model performance should be based
on the specific context of the model (Wynants et al., 2019), which
cannot be standardised for tools used across different criminal justice
and forensic settings. In addition, such thresholds are often chosen post-
hoc by the researchers, leading to inflated findings (White et al., 2023).
We also extracted other metrics of model performance, such as accuracy
or F1 score.

Where possible, we also extracted measures of calibration, such as
Brier score or calibration error (CalErr). Since the outcome of interest is
binary, we considered root mean square error (RMSE) as calibration
measurement, as for binary outcome RMSE = v/Brier score (Hoessly,
2025).

2.7. Risk of bias and publication bias

The risk of bias within each study was assessed with the Prediction
model Risk of Bias Assessment Tool (Moons et al., 2025). The PROBAST
was developed specifically for evaluating studies of diagnostic and
prognostic prediction models and provides ratings of the risk of bias in
four different domains, namely: (i) participants, (ii) predictors, (iii)
outcome, and (iv) analysis. PROBAST domains assess how appropriate
the procedures carried out during model development and validation
were, such as variable selection, internal and external validation and
performance measuring. For each domain, there are several guidelines
that ensure transparent reporting and minimise the risk of creating
under- or overfitting of the model. An important part of the model
development that prevents overfitting is using a large enough data set
for training, especially ensuring that there is a reasonable ratio of pos-
itive outcomes and variables used (EPV). Depending on the model, the
EPV ratio should be greater than 10 for regression-based models
(Peduzzi et al., 1996) and greater than 20 for models using more com-
plex methods (Austin & Steyerberg, 2017; Moons et al., 2025). Other
important procedures to lower the risk of bias include using appropriate
handling of missing data (participants should not be excluded due to
missing data), avoiding data-driven predictor selection, and using both
discrimination and calibration performance measures. Based on the
established risk of bias, the overall risk is assessed. The overall risk of
bias should be considered high if at least one domain has shown high
risk and the model has not undergone external validation, unless the
original model was developed with a very large dataset.

2.8. Data synthesis

Due to the high heterogeneity of the reported models, a narrative
data synthesis was performed. Narrative data synthesis is the qualitative
approach often used for synthesising highly heterogeneous data. It
consists of four elements: (i) developing a theory; (ii) a preliminary
synthesis; (iii) exploring relationships within and between studies; and
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(iv) assessing the robustness of the synthesis (Centre for Reviews and
Dissemination, 2009). We have used narrative synthesis methods, such
as tabulation and data visualisation, to provide the structured descrip-
tion of the included studies.

Among black box methods used, the most common were random
forests (12 studies, 30%); 9 studies (22.5%) used gradient boosting
methods and 9 neural networks. Three studies (7.5%) reported using
super learners — algorithms consisting of several different models. One
study used k-nearest neighbours methods, specifically, the unsupervised
k-means. Fig. 2 provides a more detailed breakdown of ML methods
used.

3. Results

We identified 40 ML models published in 38 studies (Fig. 1). Char-
acteristics of the included studies are presented in Table 1. We divided
included studies into two groups: those predicting criminal violence (26
studies) and those focused on (non-criminal) violent behaviour out-
comes (12 studies). Within these groups, we created subgroups
depending on the outcome. The total number of participants was
2,362,029 people, most were male (87.7%). The list of included studies
and results is presented in Table 2.

One study used image recognition of a projective psychological test
along with other variables, and 5 (13.2%) investigations used natural
language processing to predict outcomes from police reports or medical
records. One study (Dobbins et al., 2024) used a model based on the
Bidirectional Encoder Representations from Transformers (BERT), an
NLP model previously developed by Google (Devlin et al., 2019).

For performance, 29 out of 38 (76%) studies reported the area under
the curve (AUC). Nine other studies used accuracy and F1l-score as a
discrimination metric. Most models reported AUCs in the range of
0.70-0.80 (k = 16, 40%). Three models (7.5%) had AUCs in the range
0.80-0.90, five (12.5%) with AUCs over 0.90, and five models had AUCs
below 0.70. Eight studies (21%) reported calibration performance: Brier
score (k = 1), RMSE and calibration error (k = 2), calibration plots (k =
5). The numerical value for calibration performance, such as Brier score,
RMSE, and CalErr, represents the error rate in the same unit of measure
as an outcome, and indicates higher performance the closer it is to zero.
Assuming outcomes were binary, calibration performance was similar
across all three studies reporting it. All studies reported internal vali-
dation, mostly using k-fold cross-validation, and three studies reported
conducting external validation (Fig. 3).

Out of 37 studies that were not doctoral dissertations and had more
than one author, six (15.8%) had both a mental health or criminology
specialist and a computer scientist as either a first, second or senior
author. Nine studies were led by computer scientists, and 22 by either a
criminologist or a mental health specialist.

Most models were developed on populations from high- or middle-
income countries, with high-income countries accounting for the
largest share of participants (Fig. 4).

3.1. Risk of bias

Based on PROBAST, risk of bias was high in 31 papers (81.6%). The
highest risk of bias was related to the analysis domain (Fig. 5).

In the domain of participant selection, PROBAST tests whether there
has been oversampling of participants with positive outcomes and en-
sures that high-risk participants are not prevalent in the training dataset.
We found eight studies (21%) did not provide any assessment of
outcome risks and/or adjustment for included cohorts, while the sam-
pling procedures were not described and may have not been
randomised.

Most models were developed using the data from retrospective
cohort studies, which created a risk of bias in the domain of outcome
definition and assessment. In six studies (15.8%), there was a risk that
predictor variables could be part of the outcome definition, and in five
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[ Identification of studies via databases and registers ]
Y
c
-.-?. Records identified from: Records removed before
3 OVID Medline (n = 5994) screening:
£ Web of Science (n = 4136) Duplicate records removed
é Search update (n = 604) (n=2724)
—
G
Records screened . |Records excluded
(n=8010) (n=7308)
Reports sought for retrieval Reports not retrieved
> (n=702) (n=0)
£
[
2
3}
7]
Reports assessed for eligibility
(n=702) Reports excluded for:
Methods (n = 385)
Outcome (n = 204)
Publication type (n = 75)
—
k Studies included in review
3 (n=238)
° Separate models
£ (n =40)

Fig. 1. PRISMA flowchart of included studies. Studies excluded for publication type were conference proceedings, reviews and other reports with no data related to

the current review.

Table 1
Features of the included studies divided by the outcomes.

Outcome Number of Total number of participants with outcome /  Mean follow-up time, weeks Mean participant age, Mean male %
studies overall (years) years
Violent crime
General criminal violence 6 6424 / 979,428 260.7 (5.0) 34.9 90.5
General violent recidivism 127 2679 / 583,102 195.6 (3.8) 31.2 88.9
Intimate partner violence 5 398 / 496,248 * Not reported Not reported 69.7
Intimate partner violence 27 1492 / 71,861 156.43 (2.8) 32.4 100
reoffence
Extremism 2 1420 / 2328 Not reported Not reported Not reported
Other violent behaviour

General violent behaviour 4 5251 / 34,460 126.01 (2.49) 32.3 88.5
Inpatient violence 8 2314 / 255,766 * 44.9 (0.9) 38.7 67.4

* —include one or more studies with natural language processing and/or image recognition, where only the overall number of cases is known. { — both outcomes

include Zeng et al. (2017) as this study presented models for both outcomes.

studies (13.2%), it is unclear whether outcomes were determined
without knowledge of predictor data.

In the analysis domain, events per variable/predictor (EPV) ratio
should be over 20, as recommended per PROBAST guidelines. Only six
models (15%) had EPV over 20, and another five models (12.5%) had
EPV over 10, which would be acceptable for regression-based prediction

models. For 9 models, it was not possible to establish EPV, and the other
20 models (50%) had EPV less than 10. Calibration performance was
measured for nine models (22.5%) but not reported for two. Moreover,
despite a data-driven approach being recommended against for predic-
tive modelling, 8 models (21%) used univariable analysis for the initial
predictor selection.
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Table 2
All included studies with their results. EPV — events per variable ratio.
Reference Country Model Number of outcomes / Discrimination Calibration metric External validation
number of variables; (EPV) metric (performance)

General criminal violence

Gordon (1992) USA Backpropagation neural 106 / 17; (6.3) Recall = 0.76 No No
network
Batito et al. (2024) Portugal Multilayer perceptron 59 /9; (6.6) Accuracy = 0.83 No No
Rosellini et al. (2016) USA Random forest 5771 / 446; (12.9) AUC = 0.81 No Temporal
(AUC = 0.77)
Sonnweber et al. Switzerland Stochastic gradient boosting 294 /10; (29.4) AUC =0.76 No No
(2021) (95% CI
0.69-0.83)
Watts et al. (2021) Canada XGBoost 863 / 156 (5.5) Accuracy = 0.57 No No
Santos et al. (2024) Brazil XGBoost Not reported / 9 AUC = 0.99 No No

General violent recidivism

Grann and Langstrom Sweden Backpropagation neural 91 /105 (9.1) AUC =0.72 No No
(2007) network (95% CI
0.65-0.79)
Liu et al. (2011) UK Multilayer perceptron 343 /20; (17.1) AUC =0.71 No No
(95% CI
0.66-0.75)
Hamilton et al. (2015) USA Neural network Not reported / 23 AUC =0.73 RMSE = 0.21 No
(SD 0.03) CalErr = 0.05
Pelham et al. (2020) USA Neural network Not reported / 43 AUC = 0.78 Brier score = 0.17 No
(95% CI (95% CI 0.14-0.19)
0.71-0.84)
Neuilly et al. (2011) USA Random forest 168 / 60; (2.8) Accuracy = 0.58 No No
F1 score = 0.62
Berk and Bleich (2014) USA Random forest 1283 / not reported Accuracy = 0.73 No No
Salo et al. (2019) Finland Random forest 278 / 52; (5.3) AUC = 0.77 Calibration plot No
(95% CI
0.70-0.84)
Etzler et al. (2024) Austria Random forest 46 / 37; (1.2) AUC = 0.78 No No
(SD 0.06)
Zeng et al. (2017) USA Stochastic gradient boosting 6455 / 48; (134.5) AUC = 0.72 Calibration plot No
Laqueur and Copus USA Super learner Not reported / 91 AUC =0.72 Calibration plot No
(2024)
Tollenaar and van der Netherlands Support vector machine 380 / 6; (63.3) AUC = 0.73 RMSE = 0.40 No
Heijden (2013) CalErr = 0.06
Wang et al. (2023) USA XGBoost 1755 / 41; (42.8) AUC = 0.85 Calibration plot Geographic
(6-months follow-up) (AUC = 0.69)
XGBoost 8526 / 41; (207.9) AUC =0.78 Calibration plot Geographic
(2-year follow-up) (AUC = 0.68)

Intimate partner violence

Karystianis et al. Australia Recurrent neural network; Not reported AUC = 0.65 No No
(2021) NLP

Hossain et al. (2021) Bangladesh Random forest Not reported / 9 Accuracy = 0.71 No No

F1 score = 0.76

Garcia-Vergara et al. Spain Random forest 161 / 33; (4.9) F1 score = 0.87 No No
(2023) (SD 0.03)

Verrey et al. (2023) UK Super learner 237 /13; (18.2) AUC =0.71 No No

Petering et al. (2018) USA Support vector machine Not reported / 26 AUC = 0.69 No No

Intimate partner violence reoffence

Zeng et al. (2017) USA Stochastic gradient boosting 1183 / 48; (24.6) AUC = 0.68 Calibration plot No

Berk and Sorenson USA Stochastic gradient boosting 144 / not reported Accuracy = 0.66 No No
(2020)

Extremism

Ahmed and Okoroafor USA k-Nearest neighbours 180 / 28; (6.4) Accuracy = 0.91 No No
(2023)

Ivaskevics and Haller USA XGBoost 1240 / 79; (15.7) AUC = 0.87 No No
(2022) (SD 0.03)

General violent behaviour

Santamaria-Garcia Colombia Neural network 2117 / 162; (13.1) AUC = 0.96 Brier score No
et al. (2021) (not reported)
Rosellini et al. (2018) USA Super learner 829 / 273; (3.0) AUC = 0.75 No No
Barzman et al. (2022) USA Support vector machine; 54 / 21; (2.6) AUC = 0.98 No Geographic
NLP (AUC = 0.91)
Kim et al. (2023) South Korea  Support vector machine; 134 / not reported F1-score = 0.98 No No

image recognition

(continued on next page)
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Table 2 (continued)

Reference Country Model Number of outcomes / Discrimination Calibration metric External validation
number of variables; (EPV) metric (performance)

Inpatient violence

Dobbins et al. (2024) USA BERT; NLP 246 / not reported AUC = 0.78 No No
Menger et al. (2018) Netherlands Recurrent neural network; 1248 / not reported AUC = 0.79 No No
NLP (SD 0.02)

Bokhari and Hubert USA Random forest 176 / 31; (5.7) AUC = 0.75 No No

(2018)
Wang et al. (2020) Canada Random forest 103 / 28 (3.7) AUC = 0.63 No No
(SD 0.00)
Cheng et al. (2023) China Random forest 611 /19; (32.2) AUC = 0.96 No No
(95% CI
0.94-0.97)
Watts et al. (2023) Canada Random forest 26 / 67; (0.4) AUC =0.91 No No
(95% CI
0.87-0.95)
Hu et al. (2023) Taiwan Random forest; NLP 406 / not reported AUC = 0.69 No No
Le et al. (2018) Australia Support vector machine; Not reported Accuracy range RMSE No
NLP (0.69-0.77) (not reported)
BERT
25%

Meural Netweork Neuwral network - 9 studies
225%

Gradient boosting

225% Support Vector Mechine - & studies

k-nearest neighbours - 1 study

Super learner - 3 atudies

Random forest - 12 studies

Gradient Booating mathads - 9 studies

S

/ BERT (NLE') - 1 study
125%

E-nearest neighbours
2.5%

rm fear
raaem forest Super learnar

305
5%
Fig. 2. Distribution of ML methods used in violence prediction studies.
Validation A External @ Internal
Rosellini 2018 A o
0,77 0.81
Barzmann 2023 A *
0.91 098
Wang 2023 (6 months follow-up) A °
0.69 0.85
Wang 2023 (2 years follow-up) A °
068 078
0.5 0.6 0.7 0.8 0.9 1.0
C-index / AUC

Fig. 3. Discrimination metrics in the studies reporting external validation. Internal AUC reflects model performance on the training dataset, while external AUC
reflects performance on a different dataset (e.g., another site or time period). AUC ranges from 0.5 (no discrimination) to 1.0 (perfect discrimination).

Overall, three studies reporting five models showed low risk of bias, different follow-up periods (Wang et al., 2023) carried out all required
and one study reporting two models for recidivism prediction with procedures to minimise the risk of bias. The reported models were based
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Participants (x1,000)
10

Fig. 4. Geographic coverage of study samples in participant numbers in thousands.

Participants
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Outcome

Analysis

Overall
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20
Number of Studies

Moderate I Hioh

Fig. 5. Risk of bias in the included studies.

on SVM and Gradient Boosting methods, and the studies were primarily
led by computer scientists.

4. Discussion

This systematic review summarises over 30 years of research in
violence prediction modelling using black box machine learning algo-
rithms. This synthesis provides an overview of 40 models, with most
research focused on model development. We have included 38 studies
covering over two million participants. There has been substantial
research expansion in the field and increasing use of deep learning al-
gorithms, including natural language processing.

In general, published models showed good discrimination perfor-
mance, but reporting of calibration is scarce, despite its importance in
evaluating prediction models (Van Calster et al., 2019). This does not
align with current reporting guidelines, such as TRIPOD-AI (Collins
et al., 2024). The quality assessment reported in this review also finds
other limitations in included studies, particularly in the analysis domain.
Reliance on discrimination as the primary evaluation metric, even
where calibration performance is additionally reported, does not
constitute a methodologically robust assessment. As most included
studies demonstrated a high risk of bias, performance findings reported
in the primary ML literature should be interpreted with considerable
caution. One key methodological shortcoming that had led to overfitting
is that datasets were not large enough for sufficient model training. In
addition, some models were based on retrospective data and did not
clarify the separation between predictors and outcomes, and a data-

driven approach was used for variable selection, which may have led
to potential biases. External validation was conducted in only three
studies, with one (Wang et al., 2023) concluding limited general-
isability. Even high-quality models are recommended to be validated for
the specific setting in which they are planned to be used (e.g. external
geographic validation for COMPAS algorithm in the USA) (Engel et al.,
2025). Due to these methodological limitations, high risk of bias, and
lack of generalisability and transparency, none of the included models
can be recommended for implementation.

Based on these findings, we propose five key considerations for
future research on violence prediction modelling. First, a higher level of
adherence to quality standards and more interdisciplinary collaboration
is required. We recommend that researchers routinely use quality
assessment tools to evaluate risk of bias in model development and
follow reporting guidelines closely. We also noted large variations in
interdisciplinary collaboration across study teams. A minority involved
collaborations between clinicians and computer scientists. In studies led
mainly by clinicians, analytic methods were at greater risk of bias. We
noted some imprecision in terminology (e.g., mixing “classification” and
“prediction™) and a limited discussion of assumptions and other key
features of complex algorithms. Higher quality studies led by computer
scientists frequently did not address clinical problems but rather
explored outputs of using a certain method. More collaboration between
practitioners (in health and/or criminal justice) and computer scientists
will ensure that well-trained models are used to solve high-priority is-
sues in the field. Consideration should also be given to involving ethi-
cists and statisticians with methodological expert in prediction
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modelling. Therefore, our first recommendation is for routine assess-
ment of model quality and interdisciplinary collaboration in model
development.

Second, most of the data used to develop models were from routine
administrative and/or clinical data, with no complex interactions or
high-dimensional features. An established principle of clinical predic-
tion models is to use simpler methods (e.g. Cox proportional hazard
models, logistic regression) for the structured data with a moderate
number of predictors (Steyerberg, 2019). The use of complex black box
models for modelling on such datasets does not typically lead to
improved model performance compared with the classic statistical
methods (Christodoulou et al., 2019), also reported in one of the
included studies (Etzler et al., 2024). Moreover, logistic regression
models usually calibrate better on routine data (Kantidakis et al., 2023)
and provide more stable results (Riley & Collins, 2023). Our second
recommendation is to reserve the use of black box models for large,
complex multidimensional datasets.

One way to improve the accuracy of model prediction is to use
temporal proximity, where possible. Risk of violence is dynamic and is
based on different individual-level domains. For example, risk of reof-
fending decays with time, lowering to a level comparable to the general
population (Hanson, 2018). Additionally, studies suggest that various
individual-level factors have different periods in which they contribute
to risk of violence, and some are associated with the higher risks of
violence in the first week after occurrence (Sariaslan et al., 2016), hence
risk scores need to be frequently updated to provide the highest accuracy
(Lee et al., 2024). Temporal proximity and dynamic predictions may be
implemented in mental health with the Cox hazards regression with
sliding window landmarks (Houwelingen & Putter, 2011; Yukhnenko
et al., 2025), and some studies on dynamic prediction with black box
models and its implementation in healthcare are promising (Devaux
et al., 2022; Lin & Luo, 2022; Tanner et al., 2021). If the data allow
for modelling dynamic predictions, a third research recommendation is
to prioritise this approach to test whether it leads to higher precision.

Limited understanding of reaching the decision by models creates a
lack of trust and hesitation to implement even high performing algo-
rithms with low risk of bias. In clinical settings, risk estimates are the
most beneficial when linked to modifiable factors. In criminal justice,
transparency of decision-making is an important feature, and attracted
considerable discussion, including how to limit systemic biases and
ensure fairness (Farayola et al., 2025). Therefore, a further recommen-
dation is to consider using methods that can provide higher trans-
parency. One of these approaches is the use of explainable AI (XAI)
(Longo et al., 2024), where additional steps are implemented to high-
light reasons why algorithm reached its decision. This approach has
been criticised for overcomplicating implementation (McCoy et al.,
2022) or for justifying the unnecessary use of black box algorithms
(Rudin, 2019). In addition, such methods do not establish causal links
between variables and an outcome (Petch et al., 2022). However,
explainable AI can build trust with practitioners, which in turn can make
models easier for implementation. Developing models with the use of
such approaches as the Transparency and Interpretability Framework
For Understandability (TIFU) (Joyce et al.,, 2023) will ensure more
transparent and trustworthy systems.

Another approach to enhance transparency and usefulness is causal
machine learning, where the algorithm is built based on prespecified
structural causal model (Kaddour et al., 2022). Establishing causal re-
lationships would help identify the modifiable risk factors to inform
violence prevention and risk management. This would require using
experimental or quasi-experimental methods when developing a pre-
diction model, while current model development has mostly been con-
ducted on observational data. The main benefit of using this method is
that it estimates individualised causal effects, which may support more
personalised decisions, leading to higher applicability of prediction
models. The applicability of this method for violence prediction is not
known but it shows promise in other healthcare related predictions
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(Feuerriegel et al., 2024). Not all decisions predicted by algorithms
require transparent causal links: accurate identification may mean that
resources for the triage and assessment are allocated effectively
(Seyedsalehi et al., 2025). However, in situations requiring causal
inference and where data allow, using causal machine learning may be
appropriate.

These five recommendations require a comprehensive understanding
of both machine learning algorithms and the field of application.
Ensuring that all features of the data have been considered, a model has
been developed and validated with the adherence to high quality, and a
prediction benefits people working in criminal justice and related health
and other services, and people involved with the justice system, requires
strong interdisciplinary collaboration. The results of this study corre-
spond with findings of previous systematic reviews on violence and
crime outcomes. The evidence of mixed performance and methodolog-
ical shortcomings have been reported for violence risk prediction tools
used in forensic mental health settings (Ogonah et al., 2023) and at the
sentencing stage in criminal justice (Fazel et al., 2022), regardless of
whether advanced ML methods or traditional regression methods were
used.

This study provides a comprehensive overview of existing machine
learning models developed for violence prediction. However, there are
limitations. Systematically searching grey literature was difficult due to
lack of databases with these studies, and some reports may have been
overlooked, despite using broad terms in our search strategy and con-
ducting additional manual search. Included studies were highly het-
erogeneous precluding meta-analysis. A broad scope of the review also
precluded the in-depth discussion of outcome-specific features.

5. Conclusion

Despite rapid progression in the use of machine learning for violence
prediction, methodological shortcomings, limited geographic coverage,
and lack of external validations do not allow evaluation of performance
outside of training dataset of included models. Even if models are
developed with higher quality and more comprehensive reporting,
implementation will require examining model feasibility, acceptability,
cost-effectiveness, and impact studies. We have outlined five research
recommendations: (i) to ensure higher quality of model development
and validation and strong collaboration across relevant disciplines
(including health, criminal justice, computer/data science, and ethics);
(ii) focusing on developing machine learning algorithms with highly
complex data while using traditional statistical methods for routinely
collected low-dimensional data; (iii) where possible, testing and incor-
porating temporal proximity and dynamic predictions; (iv) where black
box models are necessary, develop more trustworthy algorithms with
explainable AI methods; and (v) in predictions requiring clear causal
links, apply causal machine learning methods.
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