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A B S T R A C T

Background: Schizophrenia spectrum disorders (SSD) are associated with increased risks of criminal behavior, 
especially if mediated by factors such as substance use. However, it remains unclear whether these factors retain 
their predictive relevance once broader social and systemic conditions are considered. To date, comparisons 
between forensic (FPP) and general psychiatric (GPP) SSD patients that systematically test the weight of these 
factors in complex contexts are scarce. We sought to evaluate whether established clinical risk factors for 
criminal behavior hold explanatory power once embedded in wider contextual frameworks. Group membership 
was used as a proxy for such forensic trajectories.
Methods: A retrospective study was conducted using data from 740 patients (370 FPP, 370 GPP) diagnosed with 
SSD receiving treatment at one institution in Switzerland. Several machine learning algorithms were tested. 
Gradient Boosting emerged as the most suitable model. Performance metrics such as balanced accuracy, area 
under the curve (AUC), sensitivity, and specificity were used for model evaluation. Key predictive variables were 
ranked based on their influence.
Results: Gradient Boosting achieved a balanced accuracy of 77.5% and an AUC of 0.85 (analysis excluding item 
'olanzapine-equivalent dose at discharge', which was identified as a potential downstream marker of institutional 
placement; primary model with all items: 81.6% and 0.88, respectively), outperforming other algorithms in 
discriminating between the groups. Notable predictors of a forensic-psychiatric course included social isolation 
across life span and limited mental health care system integration, while psychopathology did not emerge as a 
relevant predictor.
Conclusion: When comprehensively comparing forensic and general psychiatric SSD patients, social isolation, 
antipsychotic dosage, and mental health system integration emerge as the primary discriminators, over
shadowing well established risk factors. Preventing forensic pathways in SSD requires strengthening social 
networks and system integration, marking a paradigm shift away from symptom-centered risk models.

1. Introduction

Schizophrenia spectrum disorders (SSD) are associated with an 
increased likelihood of (violent) criminal behavior, with substance use 
disorders being a major contributing factor [1,2]. Other potentially 
modifiable risk factors include non-adherence to psychotherapy and 
medication, impaired impulse control, and hostility [3]. Positive 

symptoms, such as delusions and hallucinations, and demographic 
variables, e. g., male sex, have also been linked to violent behavior 
[4–6]. While certain factors contributing to criminal behavior among 
individuals with SSD have been identified, research covering direct 
comparison of general (GPP) and forensic populations (FPP) is surpris
ingly scarce. The recent EU-VIORMED study provided invaluable re
sults, highlighting childhood adverse experiences and education as key 
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differentiating factors, among others [7]. Importantly, the project 
focused on interpersonal violence only, although forensic treatments 
often address non-violent crimes as well [8]. Another study investigating 
the follow up after discharge found more severe positive and negative 
symptoms as well as aggression in general psychiatric patients [9]. 
Psychosis patients who committed homicide after hospital discharge 
exhibited less adherence to treatment and used more illicit substances, 
while positive symptoms did not differ between violent and non-violent 
patients [10]. Other case-control studies highlight the possible role of 
negative symptoms as a protective factor against the occurrence of 
aggressive and violent behavior in SSD patients [11]. Individuals with 
repeated violent or non-violent behavior are often subjected to court- 
mandated forensic psychiatric treatment [12]. However, patients 
frequently exhibit warning signs, such as childhood antisocial ten
dencies, long before engaging in prosecutable offenses. Identifying these 
patterns is critical for developing preventive measures that could miti
gate legal system involvement for SSD patients [13–15].

Criminal behavior in SSD clearly emerges as a multifactorial 
outcome embedded in complex constellations of clinical, social, and 
systemic conditions. Rather than analyzing isolated risk factors in a 
linear fashion, it is therefore essential to examine how different factors 
interact and which specific configurations truly distinguish patients who 
enter forensic care from those treated exclusively in general psychiatry. 
To adequately capture this complexity and the mutual interplay of 
different influencing factors, supervised machine learning approaches 
are particularly well suited [16,17]. Previous investigations by our 
group have further characterized these diverse trajectories in direct 
comparative analyses between various subgroups of GPP and FPP, 
identifying specific phenotypes. Notably, a comparison revealed that 
commonly cited risk factors including comorbid substance use, medi
cation non-compliance, and psychopathology were insufficient to reli
ably distinguish between violent offender and non-offender SSD patients 
[18]. However, when a comorbid substance use disorder (SUD) is pre
sent, the risk of violence appears to be specifically associated with non- 
adherence to antipsychotics and insufficient engagement in outpatient 
treatment, among other factors [19]. We present the first ML study to 
harness 500+ variables in a large GPP–FPP cohort, testing whether 
classic clinical risk factors hold up when placed in broader social and 
systemic frameworks. While previous investigations within this research 
framework have examined specific domains – such as aggression-related 
risk factors, suicidality, or isolated social and clinical characteristics – 
these analyses were typically restricted to predefined subsets of vari
ables or focused research questions. As a result, they provided important 
but necessarily partial insights into the mechanisms underlying forensic 
trajectories in SSD. The present study extends this work by integrating a 
broad range of clinical, social, and systemic variables within a single 
analytical model. By applying machine learning to a large, compre
hensively characterized cohort, it aims to evaluate the relative impor
tance of established risk factors when considered simultaneously within 
a complex, real-world context. In doing so, this study moves beyond 
domain-specific analyses and addresses the unresolved question of 
which factors truly differentiate forensic from non-forensic trajectories 
when competing influences are taken into account.

2. Methods

The dataset used for both test and validation models consisted of 
sociodemographic, clinical, and historical variables, which had all been 
acquired as part of routine clinical documentation and were subse
quently extracted from medical records by an experienced psychiatrist 
through directed qualitative content analysis [20], with a random subset 
being independently evaluated by another researcher. Inter-rater reli
ability was calculated with a Cohen's Kappa score of 0.78, indicating 
substantial agreement [21]. Reporting was in accordance with the cur
rent TRIPOD+AI guidelines [22].

The present study is part of a larger research project investigating 

divergent clinical and developmental trajectories in individuals with 
SSD. Specifically, this project aimed to systematically compare patients 
who have come into conflict with the law and entered forensic psychi
atric care with those who, despite a comparable diagnosis, remain 
within general psychiatric treatment settings. Across multiple studies, 
this framework has been used to examine similarities and differences 
between these groups with regard to clinical characteristics, social de
terminants, and patterns of health care utilization, with the overarching 
goal of identifying factors that contribute to or protect against forensic 
trajectories.

2.1. Study population and site

The study compared 370 inpatients each from two centers within the 
University Hospital of Psychiatry Zurich, Switzerland: the Center for 
Inpatient Forensic Therapy (forensic psychiatric patients, FPP) and the 
Center for Integrative Psychiatry (general psychiatric patients, GPP).

All patients were male and female adults diagnosed with SSD ac
cording to ICD-9 or ICD-10 criteria [23,24]. Forensic treatments were 
court-mandated under Article 59 of the Swiss Criminal Code or initiated 
during imprisonment for crisis intervention [25]. Pervasive and specific 
developmental disorders (ICD-10: F8x) and mental retardation (ICD-10: 
F7x) were excluded. The inclusion criterion of SSD (F2x) also implicitly 
excludes organic psychotic disorders (F0x), ensuring a diagnostically 
homogeneous core population. The treatment period spanned from 
1982 to 2016, capturing a wide range of clinical cases. No a priori power 
calculation was performed due to the exploratory nature of the machine 
learning analysis. However, the sample size allowed for robust model 
training and evaluation using cross-validation, and sufficient separation 
into training and validation datasets (70/30 split). In machine learning, 
sample size requirements are typically guided by the complexity of the 
model, the number of features, and the intended generalizability. The 
final model included a reduced set of 10 key variables after dimen
sionality reduction, aligning with recommendations in advanced sta
tistics to maintain a ratio of at least 10–20 observations per predictor to 
reduce overfitting [26,27]. Given this ratio and the sample size of 740, 
the study is adequately powered for the complexity of the analysis. A 
post hoc power analysis based on the model's receiver operating char
acteristics area under the curvve (AUC; see below) indicated that a 
minimum of 27 participants per group (total n = 54) would be required 
to detect a significant difference with 80% power at α = 0.05. The 
current study included 370 participants in each group (n = 740), greatly 
exceeding this threshold and ensuring sufficient statistical power.

2.2. Statistical and machine learning processes

Descriptive statistics (age, proportions) were evaluated using t-test 
and Chi-Square-Test, respectively; significance level was set to 0.05 
[28]. Several structured steps were followed to identify the most 
discriminative variables using supervised machine learning [29]. All 
machine learning analysis steps were performed using R version 3.6.3 
(The R Project for Statistical Computing, Vienna, Austria) with the MLR 
package. Confidence intervals for the model performance metrics were 
calculated using MATLAB R2019a (MATLAB and Statistics Toolbox 
Release 2012, The MathWorks, Inc., Natick, Massachusetts, USA) with 
the add-on “computing the posterior balanced accuracy v1.0” [30]. For a 
comprehensive graphical overview of all steps, please refer to the sup
plementary material (A).

2.2.1. Preprocessing
Categorical variables were converted into binary codes, while 

continuous and ordinal variables were left unaltered. Variables with 
more than 33% missing values were omitted to ensure data quality and 
model stability. Features with a high proportion of missingness are 
known to yield unreliable estimates and may introduce bias. Applying a 
threshold for allowable missingness represents a common strategy in 
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data preprocessing, balancing the retention of informative variables 
against the risk of incorporating noise and reducing model robustness. 
Similar threshold-based approaches have been widely used in applied 
machine learning studies [31].

The outcome variable – which is necessary for supervised ML – was 
defined as “not forensic”. The dataset was split into a training dataset 
(70%) and a validation dataset (30%) to reduce the risk of overfitting. 
This ratio was chosen in accordance with common practice in ML, as 
empirical studies suggest that allocating approximately 70–80% of the 
data for training and 20–30% for testing provides a suitable balance 
between model development and reliable performance estimation [32]. 
Missing data in the training dataset were imputed using mean imputa
tion for continuous variables and mode imputation for categorical var
iables [33]. The coefficients for imputation were stored in an 
“imputationDesc” file for application to the validation dataset. To assess 
the underlying missingness mechanism, Little's MCAR (missing 
completely at random) test was conducted for the variables included in 
the final model [34], indicating that data were not missing completely at 
random (p < 0.05). As a sensitivity analysis, multiple imputation by 
chained equations (MICE) was applied to the test set of the validation 
model [35]. Model performance metrics were highly comparable be
tween imputation methods, suggesting robustness of the results with 
respect to the imputation approach (parameters provided in supple
mentary material B).

Dimension reduction was conducted using a Random Forest algo
rithm, a method based on the combination of predictive trees that has 
been shown to improve accuracy with random feature selection at each 
node [36,37]. This was done to leverage the model's inherent ability to 
estimate feature importance, enabling the selection of the most infor
mative variables while discarding redundant or irrelevant features, 
thereby improving model interpretability and computational efficiency. 
Variables that did not contribute significantly (at least 5%) to the AUC 
were removed to lower the risk of overfitting. This threshold-based 
approach was chosen to ensure that only variables providing a mean
ingful contribution to predictive performance were retained. In line with 
established feature selection principles [38], additional predictors were 
included only as long as they resulted in a relevant improvement in 
model discrimination. Once the incremental gain in AUC fell below the 
predefined threshold, further inclusion of variables was considered un
likely to enhance model performance and instead to increase the risk of 
overfitting and unnecessary model complexity.

2.2.2. Model training
The training set consisted of an even number of GPP and FPP that had 

been randomly selected from the total population. It was used to eval
uate several machine learning algorithms to identify the most effective 
predictive model. These algorithms included Naïve Bayes, Gradient 
Boosting, Logistic Regression, Decision Tree, Random Forest, k-Nearest 
Neighbors, and Support Vector Machines. The evaluation criteria 
included sensitivity, specificity, balanced accuracy (arithmetic mean of 
sensitivity and specificity), positive predictive value (PPV), negative 
predictive value (NPV), and AUC for receiver operating characteristics 
[39]. A definition of all these parameters can be found in the supple
mentary material B. Five-fold cross-validation, involving repeated 
training and evaluation of the model on the different subsets of the data 
to ensure stable and generalizable performance, was employed after the 
selection of the best-performing algorithm to further reduce the risk of 
overfitting [40]. During this step, the training data were partitioned into 
five equally sized subsets. In each iteration, one subset was used for 
model training, including all previous steps (imputation, filtering, and 
the model building process), while the remaining four subsets served to 
assess the model's performance. This rigorous split of data used for 
validation purposes from model development also minimizes the bias 
regarding the expected generalization performance [39]. The model 
with the highest AUC was chosen for validation purposes on the test data 
since the AUC represents a threshold-independent measure of overall 

discriminative performance, quantifying a classifier's ability to distin
guish between classes across all possible decision boundaries – an 
advantage over single-threshold metrics such as sensitivity or specificity 
alone, which reflect performance at only one operating point [39,41]. As 
the seven algorithms produced varying sensitivity/specificity trade-offs, 
the AUC provided the most objective and comprehensive basis for model 
selection.

2.2.3. Model validation
The validation dataset was prepared using the same imputation co

efficients applied to the training dataset, as stored in the “imputa
tionDesc” file. The Gradient Boosting model was applied to the 
validation dataset to assess its performance. Variable importance was 
ranked based on relative influence in the model. Given the pronounced 
impact of the Olanzapine-equivalent dose at discharge (item R9e), an 
additional validation run was conducted excluding this variable. The 
model structure was maintained while assessing its robustness without 
item R9e.

For further considerations regarding class imbalance and fairness as 
well as a disclaimer on model specification, please refer to the supple
mentary (B).

3. Results

The study sample consisted predominantly of male patients in their 
mid-thirties. A larger proportion of FPP had a history of migration 
compared to GPP, based on their country of birth. Both groups displayed 
a similar rate of single marital status and schizophrenia as the primary 
diagnosis. However, comorbid personality and substance use disorders 
were more prevalent in the FPP group (see Table 1). Regarding the 
nature of offenses, 294 FPP (79.7%) had committed a violent index 
offense, while 75 (20.3%) had committed a non-violent index offense.

Gradient Boosting emerged as the most effective algorithm for dis
tinguishing between FPP and GPP, achieving a balanced accuracy of 
83.5% and an AUC of 0.92 (Table 2). This performance made it the 
model of choice for validation. During the validation phase, the model 

Table 1 
Basic data.

Variable 
description

FPP GPP Statistical 
significance (p- 
value)

n/N 
(%)

Mean 
(SD)

n/N 
(%)

Mean 
(SD)

Age at admission 
(years)

34.2 
(10.2)

36.2 
(12.2) 0.015

Sex: male*
339/ 
370 
(91.6)

339/ 
370 
(91.6)

1

Country of birth: 
Switzerland

167/ 
370 
(45.1)

245/ 
369 
(66.4)

<0.001

Marital status: 
single

297/ 
364 
(81.6)

284/ 
366 
(77.6)

0.199

Diagnosis: 
Schizophrenia

294/ 
370 
(79.5)

291/ 
369 
(78.9)

0.857

Comorbid 
Substance Use 
Disorder

269/ 
369 
(72.9)

184/ 
330 
(55.8)

<0.001

Comorbid 
Personality 
Disorder

47/368 
(12.8)

27/281 
(9.6)

0.216

Comorbid ADHD
24/290 
(8.3)

24/208 
(11.5)

0.233

* According to patients' files. Note. n = sample size with characteristic. N =
total sample size. SD = Standard deviation. Bold font = statistically significant 
(level 0.05).
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was tested both with and without the inclusion of the Olanzapine- 
equivalent dose (item R9e). When item R9e was included, the model 
exhibited slightly lower balanced accuracy and AUC compared to the 
training phase, but maintained narrow 95% confidence intervals, con
firming its reliability. When item R9e was excluded, the model's pre
dictive power decreased slightly, with a balanced accuracy of 77.5% and 
an AUC of 0.85, reflecting the strong influence of item R9e on model 
performance.

A total of ten variables were identified as influential predictors in the 
model (Table 3). Forensic patients were prescribed significantly higher 
Olanzapine-equivalent doses at discharge compared to general patients 
(22.1 mg vs. 19.3 mg). Social isolation was also more prevalent in FPP, 
occurring during childhood, before hospitalization, and upon discharge. 
FPP were more likely to lack compulsory school education and to have 
less family support, as reflected in reduced help-seeking behavior by 
relatives. In contrast, GPP had more frequent inpatient and outpatient 
treatments before their current hospitalization, demonstrated better 
adherence to prior antipsychotic treatment, and were prescribed a wider 
variety of medications.

Variable importance rankings revealed that item R9e was the most 

influential variable, contributing approximately 50% of the model's 
predictive power (Fig. 1a). The remaining nine variables collectively 
accounted for the other 50%. When item R9e was excluded, item PH27b 
became the most influential variable, and item PH19a the least. Without 
item R9e, the importance of the remaining variables ranged from 
approximately 3% to 15% (Fig. 1b).

4. Discussion

Our findings indicate that forensic pathways in schizophrenia are 
shaped highly, if not primarily by social and systemic embedding, rather 
than by psychopathology: For FPP, social marginalization often begins 
in childhood and persists into adulthood, highlighting its significant role 
in shaping pathways to crime as possible outcome of SSD. FPP were also 
less likely to be engaged in the mental health care system prior to their 
current hospitalization than their comparison group of GPP (in- and 
outpatient treatments, better adherence). Interestingly, the study 
detected no significant differences in symptomatology and comorbidity 
between the two groups, as indicated by the fact that no variables linked 
to psychopathology emerged in the discriminative model.

4.1. Locked out of systems, not locked in by symptoms: relevant predictor 
items

Differences between forensic and general patients arose from 
markers of social isolation, educational disadvantage, and weak system 
engagement.

The most influential single variable in the predictive model, how
ever, was olanzapine-equivalent dose at discharge (item R9e) – a finding 
that requires careful interpretation. Since item R9e reflects the 
olanzapine-equivalent dose at discharge from the current hospitaliza
tion, it may represent a downstream consequence of institutional 
placement rather than an antecedent risk factor for forensic trajectories, 
and its interpretation as an explanatory variable therefore warrants 
caution. A sensitivity analysis excluding olanzapine-equivalent dose at 
discharge confirmed that the model remained stable, with all perfor
mance parameters falling within the 95% confidence intervals of the 
primary analysis. Statistically, the difference in Olanzapine dosages 
between FPP and GPP was significant. However, from a clinical 
perspective, the absolute difference was marginal at 2.8 mg, with both 
groups receiving doses close to the licensed maximum according to 
regulatory approvals. In general, psychopharmacological treatment 
strategies in forensic psychiatry are often informed by a scarcity of 
robust research [42]. Existing data remain inconsistent, with some 

Table 2 
Machine learning models and performance in nested cross-validation.

Performance parameters of each applied algorithm during model training

AUC Balanced accuracy (%) Sensitivity (%) Specificity (%) PPV (%) NPV (%)

Logistic Regression 0.90 83.2 83.2 83.3 82.5 83.9
Tree 0.86 81.8 82.1 81.5 80.4 82.7
Random Forest 0.91 82.3 83.0 81.6 81.1 83.7
Gradient Boosting 0.92 83.5 83.4 83.7 82.8 84.2
KNN 0.88 80.4 82.8 78.0 78.2 82.4
SVM 0.90 82.9 79.6 86.3 84.4 82.0
Naive Bayes 0.89 82.9 85.3 80.5 80.5 85.6

Final model performance parameters
AUC Balanced accuracy Sensitivity Specificity PPV NPV

(95% CI) (%, 95% CI) (%, 95% CI) (%, 95% CI) (%, 95% CI) (%, 95% CI)
Gradient Boosting with 

item R9e
0.88 81.6 80.7 82.5 84.2 78.7

(0.83–0.93) (75.7–85.9) (72.2–87.1) (73.5–89.0) (75.9–90.1) (69.6–85.8)
Gradient Boosting without 

item R9e
0.85 77.5 77.3 77.7 80 74.8

(0.80–0.90) (71.4–82.3) (68.5–84.3) (68.2–85.0) (71.3–86.7) (65.3–82.4)

Note. GPP were defined as positive class. AUC = area under the curve; PPV = positive predictive value; NPV = negative predictive value; KNN = k-nearest neighbors; 
SVM = support vector machines, CI = confidence interval. Item R9e refers to the Olanzapine-equivalent upon discharge from the referenced hospitalization.

Table 3 
Absolut and relative distribution of relevant predictor variables (including item 
R9e).

Variable 
code

Variable description FPP GPP

n/N (%) n/N (%)

SD7a No compulsory school education
89/342 
(26.0)

18/320 
(5.6)

CJ1 Social marginalization in childhood
142/278 
(51.1)

32/143 
(22.4)

PH18a
Outpatient psychiatric treatment(s) 
before current hospitalization

179/340 
(52.6)

278/329 
(84.5)

PH19a
Inpatient psychiatric treatment(s) before 
current hospitalization

259/351 
(73.8)

345/366 
(94.3)

PH23a Any antipsychotic medication in the past
224/370 
(60.5)

330/353 
(93.5)

PH23p
Medication compliance (in psychiatric 
history)

23/204 
(11.3)

167/306 
(54.6)

PH27b
Help-seeking behavior by relatives 
before current hospitalization

155/321 
(48.3)

192/263 
(73.0)

S9i
Social isolation before current 
hospitalization

174/363 
(47.9)

69/331 
(20.8)

R9e
Olanzapine-equivalent dose at discharge 
(in milligram, standard deviation)

22.1 
(12.3)

19.3 
(14.2)

R25a No social contacts at discharge
140/369 
(37.9)

76/325 
(23.4)

Note: n = sample size with characteristic. N = total sample size.
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studies reporting contradictory conclusions. For instance, a similar 
comparative study with fewer participants found lower prescribed 
antipsychotic doses in FPP [43]. Conversely, there appears to be a 
broader trend of high-dosage pharmacotherapy in forensic care [44]. 
These differences might be attributable to the unique characteristics of 
health care centers or variations in legal systems governing forensic 
care.

Social isolation and lack of compulsory school education emerged as 
important factors distinguishing both groups. FPP were found to have 
shorter durations of formal education compared to GPP. This finding 
aligns with existing evidence that greater educational attainment re
duces the risk of interpersonal violence [7]. A follow-up study exam
ining patients post-discharge similarly reported lower rates of high 
school completion among FPP, further corroborating the association 
between educational deficits and increased risk of offending [9]. Social 
isolation upon discharge was also more frequent among FPP, potentially 
attributable to a phenomenon of double stigmatization: FPP face not 
only the stigma associated with mental illness but also that stemming 
from their criminal actions [45]. Involvement of relatives is crucial in 
mitigating this isolation, and clinicians should provide early and pro
active support to strengthen patients' social networks, ideally before any 
criminal behavior manifests. Isolation prior to the index offense in FPP 
may also be linked to impaired social cognitive functions. These deficits, 
including difficulties in face recognition and mentalization, are essential 
for forming and maintaining social bonds [46]. Social marginalization, 
characterized by adverse childhood experiences, poverty, and social 
exclusion, compounds these challenges. Individuals with a combination 
of these factors face a higher lifetime risk of committing crimes and 
experiencing psychiatric disorders [47]. Therapeutic efforts often come 
long after these adverse experiences, making it challenging for in
dividuals to effectively cope with their consequences. Our findings 
reinforce existing evidence that societal disparities must be addressed to 
mitigate these risks [48]. Structural interventions targeting social in
equalities, particularly at an early stage, are essential to counterbalance 
the lifelong impacts of marginalization [49,50]. Involvement with the 
mental health care system plays a critical role in mitigating the risk of 
criminal behavior among individuals with SSD. Insufficient access to or 
engagement with mental health care has been established as a signifi
cant correlate of criminal behavior, a negative outcome frequently 
observed in the course of SSD. Effective pharmacotherapy has the po
tential to reduce rates of violent behavior, underscoring the importance 
of adequate treatment during all stages of the illness [51].

4.2. When usual suspects fail to explain: items not included in the 
discriminative model

The absence of certain expected predictors in the ML model is itself a 
key finding: Traditional risk markers such as psychopathology, comor
bid substance use, and personality disorder showed limited discrimi
native power once broader systemic and social factors were considered. 
This seems contrasting to existing literature, with some data showing the 
association of positive symptoms and violence [3], and other even 
reporting more positive symptoms in GPP [7]. Consistent with previous 
studies, a higher proportion of FPP were found to have SUD. This finding 
underscores the importance of addressing SUD in therapeutic in
terventions for FPP [1–3,52].

Although SUD, personality and other comorbid psychiatric disorders 
were not significant predictors in our model, they might still play a 
relevant role, as highlighted by previous research [1,2,7]. There are 
several hypotheses regarding these well-known risk factors for criminal 
behavior in SSD not emerging as defining discriminative factors. First, 
this may reflect potential compensatory effects of adequate social sup
port and effective integration into the mental health care system, which 
could mitigate the impact of SUD and personality disorder on forensic 
outcomes. An additional aspect that may contribute to the limited 
discriminative role of particularly SUD in the present model concerns 
the variability and potential bias in their clinical assessment. The 
identification and documentation of SUD in routine clinical records may 
be influenced by differences in diagnostic thresholds, clinician attitudes, 
and contextual priorities. In the diagnostic assessment and treatment of 
offenders with SSD, particularly in cases characterized by high illness 
severity, SUD may be recorded as secondary diagnoses and considered 
subordinate within the broader offense-related psychopathology. Under 
such conditions, clinical attention is likely to be directed primarily to
ward the underlying psychotic disorder, potentially leading to an un
derrepresentation of less severe forms of substance use – such as harmful 
use below the threshold of addiction – in routine clinical documentation. 
Substance use may at times also be conceptualized as a secondary 
behavioral manifestation rather than a distinct diagnostic entity, 
potentially resulting in inconsistent recording practices. Retrospective 
substance use problems, although clinically relevant for long-term out
comes such as relapse and recidivism, may therefore be insufficiently 
captured in datasets derived from routine documentation. Taken 
together, these considerations suggest that the apparent lack of 
discriminative power of SUD should be interpreted with caution and 
may, at least in part, reflect limitations in measurement rather than a 

Fig. 1. Variable importance (final gradient boosting model), (a) with item R9e, (b) without item R9e. Please refer to Table 3 for definitions of variable codes.
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true absence of effect. At the same time, our findings raise the possibility 
that, within sufficiently supportive and well-integrated care contexts, 
the impact of SUD on forensic trajectories may be attenuated, high
lighting the potential of social and systemic factors to buffer established 
clinical risks.

Secondly, descriptive statistics revealed a significantly higher pro
portion of FPP with a personal history of migration. This finding aligns 
with research indicating that migration may increase the burden of 
disease, impair communication due to language or cultural barriers, and 
create systemic barriers to accessing mental health care [53–55]. Social 
isolation is also more common in migrants, as family members often 
remain in their countries of origin, compounding challenges related to 
language and cultural differences. These factors may contribute to the 
observed lower rates of prior treatment among FPP with migration 
histories, reflecting known trends of under-utilization of mental health 
care in European countries. Barriers such as language difficulties, low 
awareness of resources, and cultural stigma likely play a role [56]. Yet 
no item directly related to a migration experience turned out to be of 
relevance in the discriminative model.

The predominance of system integration factors over traditional 
clinical risk markers raises important questions about underlying 
mechanisms. Social isolation may reduce opportunities for corrective 
feedback and reality checking, potentially amplifying the impact of 
psychotic symptoms on behavioral outcomes [57].

Inadequate mental health care engagement could result in poor 
medication adherence and insufficient crisis intervention during symp
tom exacerbations, which in turn increase the risk for violent acts [51]. 
Additionally, the absence of supportive social networks may create a 
state where patients become increasingly antagonistic toward their 
environment due to unaddressed distress and lack of interpersonal 
bonding. From a developmental perspective, early social marginaliza
tion may represent a form of childhood deprivation that counteracts 
vital developmental periods for emotional regulation, empathy forma
tion, and prosocial behavior acquisition [58,59]. Such early adversity 
could create lasting deficits in interpersonal functioning that persist into 
adulthood, making individuals more vulnerable to antisocial outcomes 
when combined with the cognitive and emotional challenges of SSD 
[60]. These mechanisms suggest that criminal behavior in SSD may 
emerge less from illness severity per se, but rather from the interaction 
between symptoms and inadequate social and clinical support systems, 
potentially compounded by early developmental disruptions. While the 
present findings originate from a single institution operating within the 
specific legal framework of the Swiss Criminal Code, the core results are 
potentially transferable across different forensic psychiatric systems. 
The primary discriminators identified – limited social and system inte
gration – are not institutional artefacts but reflect structural de
terminants of social marginalization that operate independently of local 
legal frameworks. Social exclusion and disengagement from mental 
health services have been identified as severe issues across multiple 
national contexts and health care systems [61,62]. Precisely because the 
dominant predictors in our model are social and systemic rather than 
clinically or legally specific, they may represent a more robust signal 
than findings centered on psychopathology or pharmacotherapy, which 
are more susceptible to institutional variation. This does not preclude 
that the relative weighting of individual predictors may differ across 
systems – a question that multi-center replication studies would be well- 
suited to address.

Also, it should be acknowledged that the outcome variable – forensic 
vs. general psychiatric treatment – reflects not only clinical but also 
judicial processes. Assignment to forensic care is shaped by legal in
terpretations of criminal responsibility and the structure of the local 
forensic mental health system, introducing a layer of complexity that 
extends beyond purely clinical prediction. This perspective aligns with 
the criminalization hypothesis, which hypothesizes that insufficient 
community mental health engagement is a key driver of the dispropor
tionate entry of individuals with severe mental disorders into the 

criminal justice system [63]. Importantly, this does not undermine our 
core findings: if social marginalization and system disengagement in
fluence both clinical trajectories and the contexts in which offenses 
occur and are adjudicated, their prominence as discriminators is theo
retically consistent. Awareness of cognitive and contextual biases in 
forensic risk assessment further underscores this complexity [64].

4.3. Strengths and limitations

This study's retrospective, single-center design, with data drawn 
from one country, limits transferability to other care systems, particu
larly since forensic psychiatric pathways are shaped by local legal 
structures as well as by regional service organization and institutional 
practices. Again, multi-center and international replication studies 
remain necessary to empirically test this proposition. The focus on in
patients, with over 90% of participants being men, reduces the gener
alizability to less severe cases requiring only outpatient care, as well as 
to female populations. At the same time, the imbalanced sex distribution 
reflects the reality of penitentiary populations.

The observation period spanning 1982 to 2016 encompasses 
considerable temporal heterogeneity, including a transition from ICD-9 
to ICD-10 diagnostic criteria, evolving treatment standards, and changes 
in forensic psychiatric practice. Changes in diagnostic systems and 
thresholds over time may have influenced the classification of psychi
atric disorders, while advances in pharmacological and psychosocial 
treatment may have altered clinical trajectories and outcomes. In 
addition, evolving forensic assessment practices and legal frameworks 
may have affected the evaluation and documentation of risk-related 
variables. These temporal shifts may contribute to variability in the 
recorded data. However, as the majority of cases were recruited from the 
year 2000 onwards, the impact of earlier variability is likely limited. The 
extended inclusion period reflects a deliberate trade-off between mini
mizing temporal heterogeneity and ensuring a sufficiently large and 
statistically meaningful sample size. Future studies incorporating 
explicit epoch-stratified sensitivity analyses would be well-positioned to 
further examine the potential impact of such historical heterogeneity.

ML methods perform better with larger datasets, and the relatively 
limited sample size increases the risk of overfitting. Future studies 
should aim to replicate these findings using data from multiple centers 
and countries to enhance the robustness and generalizability of the re
sults. Additionally, ethical considerations surrounding the application of 
ML in sensitive fields like forensic psychiatry must be addressed. Recent 
developments promote the use of Explainable AI over traditional AI 
approaches to improve transparency and understanding of ML outputs, 
particularly in high-stakes fields like forensic psychiatry [65]. This is 
critical for preventing stigmatization, as patients identified as “high 
risk” due to social isolation or other factors may face additional chal
lenges in reintegration [66]. While some of the most influential pre
dictors (e.g., low education, limited family support, social 
marginalization) may reflect structural inequalities, they also emerged 
as statistically relevant. This highlights the complex interplay between 
clinical, social, and systemic factors in forensic outcomes. Future studies 
may consider formal fairness auditing or mitigation strategies. In addi
tion, potential bias related to missing data should be considered, as the 
MCAR (missing completely at random) assumption was not met and 
systematic patterns in missingness cannot be excluded. However, 
sensitivity analyses using multiple imputation yielded comparable re
sults, supporting the robustness of the findings.

Despite methodological and contextual limitations, the study dem
onstrates the added value of machine learning for uncovering system- 
level drivers of forensic outcomes and has notable strengths: With a 
sample size of 740 patients, it is nearly twice as large as the EU- 
VIORMED project, which itself marked a significant milestone in the 
comparison of FPP and GPP [7]. The inclusion of environmental and 
social variables, rather than focusing solely on psychopathology and 
criminal history, is another key strength. Previous authors have 
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highlighted the importance of incorporating these contextual factors 
when addressing ethical concerns in the application of AI in forensic 
psychiatry [67]. ML allowed for the analysis of variable interplay rather 
than simple linear relationships, addressing the multifaceted nature of 
forensic outcomes [16]. The robust AUC values, even after excluding 
item R9e (olanzapine-equivalent dose at discharge), further validate the 
model's reliability [68].

4.4. Conclusion

FPP and GPP with SSD share many similarities, particularly 
regarding psychopathology. However, key differences were observed in 
social inclusion across the course of life and regarding involvement with 
the mental health care system prior to the index hospitalization. These 
findings might represent a paradigm shift in understanding risk factors 
for criminal behavior in SSD. While previous research comparing in
dividuals with SSD to the general population has identified psychopa
thology and substance use as key risk factors, direct comprehensive 
comparisons between forensic and non-forensic SSD patients have been 
scarce. Our ML analysis of this specific comparison reveals that system 
integration - featuring both social connectedness and mental health care 
involvement - emerges as the predominant differentiating factor, over
shadowing traditional clinical risk markers.

These insights have direct implications for clinical practice and 
policy: early interventions should prioritize strengthening social net
works and ensuring comprehensive mental health care engagement 
rather than focusing exclusively on symptom management or substance 
use treatment. Forensic mental health services could benefit from 
adopting integrative psychiatric approaches that emphasize community 
integration, family involvement, and peer support - strategies already 
getting more and more relevant in general psychiatry. Future research 
should focus on longitudinal studies to explore causal pathways, cross- 
cultural analyses to assess differences in legal and healthcare systems, 
and the integration of Explainable AI to enhance transparency and 
ethical application of machine learning in forensic psychiatry.

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.comppsych.2026.152716.
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