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A B S T R A C T 

Background: Mental health disorders among individuals involved in criminal justice systems 

require timely and reliable assessment. Automated predictive approaches may assist mental health 

screening by integrating behavioural, clinical, and textual information. This study proposes an 

explainable hybrid framework combining a Bidirectional Encoder Representations from 

Transformers (BERT)-based language model with a Quick Medical Reference (QMR)-style 

Bayesian network for mental health disorder prediction. 

Methods: The proposed framework incorporates data preprocessing, class balancing, 

dimensionality reduction, and hybrid probabilistic reasoning. Synthetic Minority Over-sampling 

Technique (SMOTE) is applied to address class imbalance, while Principal Component Analysis 

(PCA) and Independent Component Analysis (ICA) are employed for dimensionality reduction. The 

BERT-based model generates initial disorder probabilities from symptom descriptions, which are 

subsequently refined using a QMR-style Bayesian network through iterative symptom-based 

evidence updating. The proposed framework is evaluated using the Survey of Inmates in Local Jails 

(SILJ) 2024–2025 dataset and compared with Logistic Regression, XGBoost, and Explainable 

Boosting Machine. 

Results: The proposed BERT-QMR-style Bayesian framework achieved an accuracy of 95.08%, 

precision of 93.41%, recall of 91.62%, F1-score of 92.51%, and AUC-ROC of 98.34%. The model 

also achieved an RMSE of 0.074 with a computational time of 64.2 seconds. Compared with the 

performance before preprocessing, the proposed framework improved accuracy from 86.76% to 

95.08% and AUC-ROC from 89.63% to 98.34%, demonstrating the potential contribution of the 

integrated preprocessing and hybrid prediction strategy. 

Conclusion: The proposed hybrid framework demonstrates the potential of combining contextual 

language representation with interpretable Bayesian reasoning for mental health assessment in 

criminal justice settings. The integration of BERT, SMOTE, PCA, ICA, and QMR-style Bayesian 

inference provides a promising approach to predictive mental health screening. Further validation 

using independent datasets, clinically validated labels, and external evaluation is necessary before 

practical deployment. 
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Introduction 

besity is Mental health diagnoses are 

frequently regarded by courts as either 

aggravating or mitigating considerations 

during sentencing proceedings.  States' 

varying laws and the way they are applied 

frequently result in disparities in the 

frequency and duration of incarceration of people with 

mental illnesses in the country. Sentencing legislation 

and guidelines in places with more conservative 

political ideologies have specifically been proposed to 

seriously disfavor those with psychiatric disorders [1]. 

Many individuals involved with the criminal justice 

system struggle with both mental illness and substance 

use issues.  However, there is a lack of data about the 

likelihood of arrest or incarceration for those with 

CODs. This is due to the fact that the majority of the 

existing literature exclusively addresses individuals 

with severe mental illness or substance use disorders 

[2]. As a result, they looked at the clinical and 

sociodemographic factors that are most associated with 

CJSI in COD patients, and then compared the rates of 

CJSI among patients with severe mental illness and 

those with drug use disorder to determine which risk 

factor is more significant. 

Mental health Disorders in the criminal justice 

system can greatly benefit from AI, as seen in Figure 1 

[3].  Increased accuracy and efficiency, objective 

analysis, early issue discovery, and better resource 

allocation are the four key advantages that are 

highlighted.  

Recent advances in artificial intelligence and 

machine learning have enabled the development of 

automated approaches for mental health prediction [4]. 

Machine learning models have been applied to clinical 

records, behavioral information, physiological signals, 

and textual descriptions to identify patterns associated 

with depression, anxiety, stress, and other mental health 

conditions [5]Deep learning and language models can 

further extract semantic information from natural-

language descriptions of symptoms [6]. However, 

conventional predictive models may provide limited 

interpretability, which is particularly important when 

AI systems are applied to sensitive healthcare and 

criminal justice settings [3]. 

Bayesian networks provide an interpretable 

probabilistic framework for representing relationships 

between disorders and associated symptoms. They can 

incorporate prior clinical knowledge and update 

diagnostic probabilities when new evidence becomes 

available. However, Bayesian models may depend on 

predefined symptom representations and may not 

directly process free-form natural-language 

descriptions [7]. 

To address these limitations, this study proposes a 

hybrid BERT-QMR-style Bayesian framework that 

combines language-based symptom representation with 

probabilistic Bayesian reasoning. The primary 

contribution of this study is the integration of 

contextual language representation with probabilistic 

symptom–disorder reasoning in a unified predictive 

framework.  

O 

 

 
Figure 1. Schematic Representation of AI Representation in Mental Health Disorders in Criminal Justice System. 
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Unlike approaches that rely exclusively on 

conventional classification or predefined symptom 

indicators, the proposed BERT-QMR-style architecture 

uses BERT to derive initial disorder probabilities from 

textual symptom descriptions and a QMR-inspired 

Bayesian network to update these probabilities using 

additional symptom evidence. The framework also 

investigates the influence of class balancing and 

dimensionality reduction on predictive performance. 

These contributions are intended to support transparent 

preliminary mental health screening rather than replace 

professional clinical assessment. 

Machine Learning for Mental Health Prediction 

Machine learning techniques have been 

increasingly investigated for the prediction and 

assessment of mental health conditions [4]. 

Conventional approaches including Logistic 

Regression, Support Vector Machines, Random Forest, 

and boosting algorithms have been applied to clinical, 

behavioral, and textual data [5]. These models can 

identify statistical relationships between observed 

characteristics and mental health outcomes [8]. 

However, their predictive performance may depend 

strongly on feature quality, class distribution, and the 

availability of representative training data [4, 9]. 

Deep Learning and Language-Based Mental 

Health Analysis 

Deep learning models have enabled automated 

representation learning from complex mental health 

data [10]. CNN, RNN, LSTM, and transformer-based 

architectures have been used to analyze textual and 

behavioral information associated with depression, 

anxiety, stress, and other disorders [4]. Transformer-

based language models such as BERT can capture 

contextual relationships between words and provide 

richer representations of natural-language symptom 

descriptions [6]. Nevertheless, deep learning 

predictions can be difficult to interpret, particularly 

when used in sensitive healthcare and criminal justice 

applications [3]. 

Bayesian Models for Explainable Mental Health 

Assessment 

Bayesian networks provide a probabilistic 

mechanism for representing relationships between 

diseases, symptoms, and clinical evidence [11]. Their 

graphical structure can provide greater interpretability 

than purely black-box predictive models [12]. QMR-

style Bayesian reasoning further allows disease–

symptom relationships to be represented through 

conditional probabilities [13]. However, traditional 

Bayesian approaches generally require structured 

symptom information and may not directly process 

free-form symptom descriptions [14]. 

Research Gap 

Existing studies demonstrate the effectiveness of 

machine learning, deep learning, and Bayesian 

reasoning for mental health assessment [4]. However, 

most approaches either focus on predictive modeling 

without explicit probabilistic reasoning or use Bayesian 

models without directly integrating contextual 

language representations. In addition, behavioral and 

temporal characteristics are not consistently 

incorporated with textual symptom information. 

Therefore, there is a need for an integrated framework 

that combines contextual language representation and 

interpretable probabilistic reasoning [15, 16]. The 

proposed BERT-QMR-style Bayesian framework 

addresses this gap by using BERT to generate initial 

disorder probabilities and a Bayesian network to refine 

these predictions using symptom-level evidence. 

Materials and Methods 

There is widespread concern about the increasing 

number of individuals with mental health 

problems who are involved with criminal justice 

systems around the world. There is evidence that these 

individuals are disproportionately represented in prison 

populations and the criminal justice system as a whole, 

in roles such as victims and offenders. Having a 

significant number of patients with MHD housed in the 

CJS has enormous personal, societal, economic, and 

human implications. Now more than ever before, it is 

crucial to conceptualize the intricate web of social 

processes, systemic responses, and individual 

impairment experiences that makes people with MHD 

more susceptible to encountering the CJS and their 

varied journeys within, outside, and frequently circling 

back to these systems. 

Figure 2 shows a conceptual framework for using 

AI in Criminal Mental Health Risk Assessment. It 

shows a systematic approach from data preprocessing 

to predictive analysis.  The first step is to assess the risk. 

Then, preprocessing methods like SMOTE, PCA, and 

ICA are used to address data imbalance and reduce 

dimensionality.  After that, an AI-powered predictive 

algorithm uses models like XGBoost, Explainable 

Boosting Machine, BERT-QMR Style Bayesian 

Network, and Logistic Regression to process the 

extracted characteristics.  Finally, the model's 

performance is tested against important metrics like 

accuracy, precision, recall, F1-score, AUC, RMSE, and 

computational time. This makes sure that the 

predictions about criminal mental health risks are 

reliable and easy to understand.  
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Preprocessing 

To aid in the detection of stress and associated MDs, 

this section reviews key preprocessing strategies that 

have produced substantial results. 

Class Imbalance Using Synthetic Minority 

Oversampling Technique 

The number of samples for the stress or MHD class 

is typically much fewer than the non-stress or non-

MHD class when it comes to stress and its related MHD 

detection. Predictions are skewed since there aren't 

enough samples from each class. It is feasible to 

oversample the under-represented group in order to 

rectify data bias[5]. To reduce the influence of class 

imbalance, SMOTE is applied to the training data. 

SMOTE generates synthetic minority-class 

observations by interpolating between existing 

minority samples. 

PCA Method 

PCA is used to reduce the dimensionality of these 

types of data sets while keeping as much information as 

possible and making them easier to understand by using 

principal component analysis (n=3, 3%).  The 

transformed components are subsequently used as 

compact representations for predictive modeling. 

ICA 

A computational and statistical technique for 

discovering hidden components underlying random 

variables, observations, or signals is independent 

component analysis (ICA; n=4, 4%). Removing 

artifacts from multichannel data that contains stationary 

signal noises is the primary utility of this technology. 

PCA optimizes the data's covariance matrix, which 

represents second-order statistics, whereas ICA 

optimizes higher-order statistics like kurtosis. The 

resulting representations are used to capture underlying 

independent patterns that may contribute to mental 

health prediction. 

 

Model Training 

Modeling the Bayesian Network 

Our goal in building this Bayesian network was to 

simulate the diagnostic process by capturing the links 

between symptoms and conditions. By confirming or 

denying the detected symptoms, this network is meant 

to refine the diagnosis that was derived from the 

language model. The nodes in the network are 

categorized as either symptoms (S) or mental health 

(D). The nodes for symptoms indicate whether 

symptoms are present or not, whereas the nodes for 

mental health disorders indicate if mental health 

disorders are present or not [11]. A Conditional 

Probability Table (CPT) is established at each edge 

connecting the nodes, which represents the conditional 

dependencies between symptoms. 

The Quick Medical Reference (QMR) network, a 

Bayesian network tailored for medical diagnostics, is 

the foundation of our network. It uses a two-layer 

structure to depict the linkages between MHD and 

symptoms. On the top layer are nodes representing 

MHD, and on the bottom layer are nodes representing 

symptoms or exam results. From MH to findings, there 

are arcs. 

 

 
Figure 2. Schematic representation of AI representation in 

mental health disorders in criminal justice system. 
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Most of the time, the QMR network represents a 

joint probability distribution for all MH and symptoms 

in Equation (2). 

 𝑁(𝑄, 𝐵) = 𝑁(𝑄│𝐵)𝑁(𝐵) = [∏_(𝑘

= 1)^𝑝▒〖𝑁(𝑞_𝑘│𝑏) 〗][∏_(𝑙

= 1)^𝑜▒𝑁(𝑏_𝑙 ) ]         (2) 

𝐵 = {𝑏_1, 𝑏_2, … , 𝑏_𝑜 } and 𝑄 = {𝑞_1, 𝑞_2, … , 𝑞_𝑝 } 

are binary variables that represent the existence or 

absence of specific symptoms or mental health issues, 

respectively. 

Keep in mind that m conditions {𝑏_1, … , 𝑏_𝑜 }  can 

cause a symptom 𝑞. 2^𝑚 parameters are needed to 

construct this conditional probability distribution. 

Since an expert would have to think about every 

possible combination of parent variable activation for 

each symptom, this presents a huge hurdle that makes 

experts' jobs more difficult when defining probability. 

A more natural course of action for professionals 

would be to calculate the sensitivity and specificity 

scores for each sign and disease. According to the 

equation (3), sensitivity is the likelihood that a 

symptom will manifest when a condition 𝑏_𝑘 is present, 

given a symptom 𝑞_𝑘 and a condition 𝑏_𝑙: 

𝑄𝑔_𝑘𝑙 ≔ 𝑁(𝑞_𝑘 = 1│𝑏_𝑙 = 1)               (3) 

If the condition 𝑏_𝑙 is not present in equation (4), 

then the likelihood that symptom 𝑏_𝑘 does not manifest 

is known as specificity. 

𝑄𝑛_𝑘𝑙 ≔ 𝑁(𝑞_𝑘 = 0│𝑏_𝑙 = 0)                (4) 

The Noisy-OR model was proposed to represent 

these probabilities. In this approach, the likelihood of a 

symptom being present is the sum of the probabilities 

of each circumstance acting alone to generate the 

symptom. According to mathematical assumptions, 

there are 𝑜 associations between the parent conditions 

〖{𝑏〗_𝑘, … , 𝑏_𝑜} and the symptom 𝑞, which are 

combined in an OR gate. Each parent-symptom link has 

a 1 − 𝑛_𝑘 chance of failing in order to incorporate 

stochasticity into the model. The likelihood of the 

symptom being "on" is provided by under these 

assumptions in equation (5). 

𝑁(𝑞_𝑘 = 1│𝑏) = 1 − ∏_(𝑙

= 1)^𝑜▒(1 − 𝑛_𝑘𝑙 )    (5) 

The probability that the condition 𝑏_𝑙 could 

independently trigger the symptom 𝑞_𝑘, if it were 

present, is represented by 𝑛_𝑘𝑙 here. In order to build 

the network, the Noisy-OR model is used to define the 

links between symptoms and illnesses. What follows is 

an explanation of how the MH is fine-tuned using a 

combination of the language model's predictions and 

those from the Bayesian network. 

The QMR-style Bayesian component represents 

mental health categories and their associated symptoms 

as probabilistic variables. The network structure 

defines the relationships between disorder nodes and 

symptom nodes, while conditional probability 

parameters quantify the strength of these relationships. 

When additional symptom evidence becomes available, 

posterior probabilities are updated according to the 

specified Bayesian inference procedure. If a Noisy-OR 

formulation is used, its assumptions, leak probabilities, 

link parameters, and method of parameter estimation 

must be stated.  

A Hybrid Approach for Mental Health 

Refinement 

BERT is employed to capture contextual 

relationships within natural-language symptom 

descriptions. The text is tokenized using the selected 

pretrained BERT tokenizer and converted into token 

identifiers and attention masks. The resulting 

contextual representation is passed through a 

classification layer to obtain initial probabilities for the 

predefined target categories. Structured demographic, 

behavioural, and clinical variables require a separately 

specified encoding procedure if they are included in the 

model. The study should identify the exact BERT 

checkpoint, maximum sequence length, training 

strategy, optimizer, learning rate, batch size, and 

model-selection criteria to support reproducibility. 

Let's now lay forth the mathematical foundations of 

our symptom detection algorithm. Imagine a network 𝐸 

that includes a set of MHD 𝐵 = {𝑏_1, … , 𝑏_𝑜 } and 

symptoms 𝑄 = {𝑞_𝑞, … , 𝑞_𝑝 }. In this network, each 

disease 𝑏_𝑘 is linked to a subset of symptoms 𝑞_𝑘, and 

the Edges between symptoms 𝑞_𝑘 and their associated 

diseases 𝑏_𝑙 are defined by a Conditional Probability 

Table (CPT) that follows 𝑁(𝑞_𝑘│𝑏_𝑙 ) the Noisy-OR 

assumptions. 

A BERT model calculates the a priori probabilities 

of the MH vector cap N open paren cap B vertical bar 

when a user submits a list of words cap R equals open 

paren u sub 1, dot dot dot ,u sub r close paren  to 

describemits a list of words 𝑅 = (𝑢_1, … , 𝑢_𝑟 ) to 

desribe symptoms. Te function ℎ_𝜃 (𝑅), where 𝜃 

stands for the model weights, reflects the probability. 

Equation (6) is used to formalise the BERT model 

output. 
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ℎ_𝜃 (𝑅) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (𝑈^𝑅

∙ 𝐵𝐸𝑅𝑇_𝑒𝑛𝑐 (𝑅))            (6) 

Considering𝑈 ∈ 𝑇^(𝑜 × 𝐹)where H is the size of 

the output vector produced by the BERT model. 

Contrary to our deep learning model's category 

prediction capabilities, the Bayesian network handles 

individual conditions, as mentioned before. In order to 

solve this, they find the 𝐼 most likely categories based 

on what the neural network predicted. Then, using the 

BERT model's output probabilities for each category, 

they build a graph with the top 𝑖 conditions linked to 

these categories.  

They begin by selecting the top 𝑖 illnesses from the 

MH probability vector 𝑁(𝐵│𝑅), as previously stated, 

and then use the a priori values and the network 𝐸 to 

calculate the symptom probability in the second step of 

the process in equation (7). 

𝐵_𝑖 ← 𝑡𝑜𝑝_𝑖 (𝑁(𝐵│𝑅))                       (7) 

By doing so, they may create a subnetwork 𝐸_𝑖 from 

𝐸 that exclusively contains the MH in 𝐵_𝑖 and the 

symptoms that are connected with them, 𝑄_𝑖 =

⋃_(𝑏_𝑘 ∈ 𝐵_𝑖)▒𝑞_(𝑏_𝑘 ) .  

As seen in equation (8), this subnetwork represents 

the joint distribution. 

𝑁(𝑄, 𝐵) = 𝑁(𝑄│𝐵)𝑁(𝐵) = ∏_(𝑞_𝑘

∈ 𝑄_𝑖)▒〖𝑁(𝑞_𝑘│𝐵) 〗 ∏_(𝑏_𝑙

∈ 𝐵_𝑖)▒〖𝑁(𝑏_𝑙│𝑅) 〗       (8) 

Using Equation (9), we can calculate the likelihood 

of each symptom. 

𝑁(𝑞_𝑘│𝑅) = ∑_(𝑏

∈ 𝐵_𝑖)▒〖𝑁(𝑞_𝑘│𝑏)𝑁(𝑏│𝑅) 〗       (9) 

Equation (10) calculates the odds of each mental 

health state. 

𝑁(𝑔_𝑙│𝑄) = ∑_(𝑏

∈ 𝐵_𝑖)▒〖𝑁(𝑄│𝑏_𝑘 )𝑁(𝑏_𝑘 ) 〗      (10) 

where 𝑃 is the normalization factor that guarantees 

the total of the probabilities is 1. 

To begin collecting fresh evidence, we ask the user 

to affirm or refute the existence of the q most prominent 

symptoms listed in equation (11): 

𝑄_𝑠 ← 𝑡𝑜𝑝_𝑠 (𝑁(𝑄│𝑅))       (11) 

For each stage of the algorithm, 𝑠 denotes the 

number of symptoms that the user confirms or rejects, 

and 𝑄_𝑠 stands for the symptoms with the highest 

updated probabilities. After that, at every stage, the user 

presents evidence that appears to be𝑔 = {𝑄_1 =

1, 𝑄_2 = 1, … , 𝑄_𝑠 = 0}. 

The MHD probability vector is updated after 

adding the new evidence e to the current evidence 

vector 𝐺 = 𝐺 + 𝑒. 

The procedure then repeats for 

𝑟 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠, 𝑢𝑝𝑑𝑎𝑡𝑖𝑛𝑔 𝑡ℎ𝑒 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠 𝑎𝑛𝑑 𝑜𝑏𝑡𝑎𝑖𝑛𝑖𝑛𝑔 

 𝑓𝑟𝑒𝑠ℎ 𝑒𝑣𝑖𝑑𝑒𝑛𝑐𝑒 𝑒𝑎𝑐ℎ 𝑡𝑖𝑚𝑒, 𝑤ℎ𝑒𝑛 𝑛𝑒𝑤 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠 

Algorithm 1. Algorithm for the proposed BERT-QMR 

style Bayesian network.  

Algorithm 1: Algorithm For BERT-QMR 

Input: Signs and symptoms word vector 𝑅 ← (𝑢1, … , 𝑢𝑟) 

Output: Predicted mental health disorder 𝐵𝑛 

1. Procedure BERT-QMR: 

2. Get the BERT model initiated by adding weights 𝜃. 

3. Let 𝐵 ← {𝑏1, . . , 𝑏𝑜} be the set of mental health. 

4. Let 𝑄 ← {𝑞1, … , 𝑞𝑝} be the set of Symptoms. 

5. 
The mental health disorder-symptoms network is denoted 

as 𝐸. 

6. 
Compute 𝑛(𝐵|𝑅) using BERT:ℎ𝜃(𝑅) ←

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑈𝑅𝐵𝐸𝑅𝑇𝑒𝑛𝑐(𝑅)). 

7. Select top 𝑖 mental health: 𝐵𝑖 ← 𝑡𝑜𝑝𝑖(𝑁(𝐵|𝑅)) 

8. Construct subnetwork 𝐸𝑖 from 𝐸 using 𝐵𝑖 

9. Initialize evidence as 𝐺 ← {} 

10. For iteration 𝑘 ∈ {1 … 𝑟} do 

11.  
Compute symptom probabilities as 𝑁(𝑞𝑘|𝑅) ←

∑ 𝑁(𝑞𝑘|𝑏)𝑁(𝑏|𝑅)𝑏  

12.  Select 𝑟 symptoms using 𝑄𝑠 ← 𝑡𝑜𝑝𝑠(𝑁(𝑄|𝑅)) 

13.  Ask user to provide evidence 𝑔 based on 𝑄𝑠 

14.  Update evidence vector 𝐺 ← 𝐺 + 𝑔 

15.  
Update 𝑁(𝑏𝑙|𝑄, 𝐺) for each mental health disorder 𝑏𝑙 

in 𝐸𝑖. 

16.  𝑁(𝑏𝑙|𝑄) ←
1

𝑃
∑ 𝑁(𝑄|𝑏)𝑁(𝑏)

𝑏∈𝐵𝑖|{𝑏𝑙}
 

17. End for 

18. Final prediction: 𝐵𝑛 ← arg max(𝑁(𝐵|𝑅, 𝐺) 
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 for the symptoms eliminated from the evidence 

vector 𝑄_𝑝^′ = 𝑄 − 𝐺 are calculated. Equation (12) 

concludes with the most likely MHD. 

𝐵_𝑛 ← arg 〖max(𝑁(𝐵|𝑅, 𝐺)〗       (12) 

Algorithm 1 continues the full algorithm. 

Results 

Persistent emotional and mental health issues can be 

a lasting consequence of being a victim of violent 

crime. These symptoms can manifest as real mental 

health issues in certain people. In other cases, the 

effects are more nebulous, but victims nevertheless 

report increased anxiety, anguish, and a worse quality 

of life. Research on the effects of interactions with the 

criminal justice system on the psychological well-being 

of adult victims of crime. The majority of criminal 

justice organizations lack the resources necessary to 

help victims cope with their emotional distress. 

Victims' needs are frequently ignored because court 

and police personnel are under-trained to identify and 

handle mental health issues.  

With an emphasis on demographic, behavioral, 

criminal, and psychological factors, the SILJ 2024–2025 

dataset offers extensive data at the inmate level throughout 

local jails in the United States. This dataset provides a 

solid basis for future research into the causes and risk 

factors of mental health issues among people who have 

had contact with the legal system (Table 1) [17]. 

The Figure 3 illustrate the discrimination 

performance of the evaluated models. The proposed 

BERT-QMR-style Bayesian framework exhibits the 

highest reported AUC among the compared 

approaches. However, the ROC calculation procedure 

and averaging strategy should be specified for the 

multiclass prediction setting. 

Table 2 presents the comparative performance of 

four machine learning models: Logistic Regression, 

XGBoost, BERT-QMR Style Bayesian Network, and 

Explainable Boosting Machine in terms of accuracy, 

precision, recall, and F1-score. The proposed BERT-

QMR Style Bayesian Network achieved the highest 

performance across all four-evaluation metrics, with an 

accuracy of 95.08%, precision of 93.41%, recall of 

91.62%, and F1-score of 92.51%. XGBoost achieved 

the second-highest performance, followed by Logistic 

Regression, whereas the Explainable Boosting 

Table 1. Summary of the dataset.  

Feature 

Category 

Example 

Attribute 

Description/ 

Role of the 

Model 

Demographics 

Age, Gender, 

Race, 

Education 

Cultural Risk 

Factors and 

Socioeconomic. 

Criminal 

History 

Types of 

Offense, 

Sentence 

Duration, 

Prior Arrests. 

Situational 

Predictors and 

Behavioral. 

Health 

Indicators 

Prior Mental 

Health 

Diagnosis, 

Medication 

Usage, 

Substance 

Abuse 

Core 

Diagnostic 

Correlates. 

 

 

Table 2. Model evaluation.  

Model Accuracy Precision Recall 
F1-

Score 

Logistic 

Regression 
90.76 88.12 86.23 90.97 

XGBoost 93.42 91.30 89.11 93.88 

BERT-
QMR Style 

Bayesian 

Network 

95.08 93.41 91.62 92.51 

Explainable 

Boosting 

Machine 

87.12 85.71 83.37 87.80 

 

 Table 3. Model evaluation for before and after 

preprocessing.  

Metrics 
Before 

Preprocessing 

After 
SMOTE+PCA

+ICA 

Proposed Model (BERT-
QMR Style Bayesian 

Network 

Accuracy 86.76 90.37 95.08 

Precision 85.30 89.31 93.41 

Recall 83.17 87.12 91.62 

F1-Score 86.81 90.05 92.51 

AUC-ROC 89.63 94.32 98.34 

RMSE 0.176 0.142 0.074 

Computational 

Time 
47.5 55.7 64.2 

 

 

 

 
Figure 3. Comparison of error metrics. 
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Machine obtained comparatively lower results. These 

findings indicate that the proposed hybrid architecture 

provides a stronger balance between precision and 

recall and demonstrates improved classification 

performance compared with the baseline models. 

Figure 4 shows a comparison of the accuracy and 

F1-score over 32 epochs of model training.  Throughout 

the training phase, both metrics stay high, with 

accuracy (red line) marginally better than the F1-score 

(green line).  There is a sudden drop in the F1-score 

around the 23rd epoch, which means that precision and 

recall are temporarily out of balance. However, it 

quickly returns to stable values.  Overall, the graph 

shows that the model does well and is reliable over 

time, with only small changes. 

Figure 5 shows a comparison of precision and recall 

over 32 epochs of model training.  Both metrics 

indicate good and constant performance across the 

epochs. The red line for precision always has values 

that are somewhat higher than the green line for recall.  

Around the 23rd epoch, recall drops noticeably, but it 

quickly goes back up, showing that the model's 

sensitivity changes for a short time.  The graph shows 

that the model works well overall, with consistent 

precision and recall trends across training cycles. 

Table 3 shows how the suggested BERT-QMR 

Style Bayesian Network model gets better at different 

phases of preprocessing.  Before preprocessing, the 

model did okay, with an accuracy of 86.76% and an 

AUC-ROC of 89.63.  After using SMOTE, PCA, and 

ICA, the metrics got a lot better, showing that the data 

was better balanced and the features were better 

extracted.  The last proposed model did quite well, 

getting an accuracy of 95.08%, a precision of 93.41%, 

a recall of 91.62%, and an F1-score of 92.51%. It also 

had the lowest RMSE (0.074) and the highest AUC-

ROC (98.34).  The computational time did go up a little 

bit (64.2 seconds), but the overall performance gains 

show that the model is better at classifying things and 

more reliable. 

The BERT-QMR Style Bayesian Network has the 

best True Positives and True Negatives while also 

having the fewest False Positives and False Negatives. 

This shows that the model works better than others. 

Linear Regression, on the other hand, is less accurate 

and has more mistakes. In general, the results show that 

the suggested BERT-QMR Style Bayesian Network 

model works better and is more reliable than traditional 

and boosting-based methods, as shown in Figure 6. 

Discussion 

The findings of this study indicate that integrating 

contextual language representation with probabilistic 

Bayesian reasoning has potential for improving 

preliminary mental health disorder prediction in criminal 

justice settings. The proposed BERT-QMR-style 

Bayesian framework achieved a reported accuracy of 

95.08%, outperforming Logistic Regression (90.76%), 

XGBoost (93.42%), and Explainable Boosting Machine 

(87.12%). This improvement suggests that combining 

BERT-based contextual symptom representation with 

Bayesian evidence updating may provide an advantage 

over approaches that rely exclusively on conventional 

classification techniques. The results are consistent with 

the growing application of artificial intelligence and 

machine learning in mental health assessment, where 

complex behavioural and textual patterns can support the 

identification of potential psychological concerns. 

An important contribution of the proposed 

framework is its integration of language-based 

prediction with symptom-level probabilistic reasoning. 

BERT extracts contextual information from natural-

language symptom descriptions and generates initial 

disorder probabilities. The QMR-style Bayesian network 

 

 
Figure 4. Training accuracy and F1-score across 32 

epochs for the BERT-based component. 

  

 

 
Figure 5. Precision and recall comparison across 

training epochs. 
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subsequently updates these probabilities using additional 

symptom evidence. This combination addresses a 

limitation of conventional language models, which may 

provide predictions without sufficiently transparent 

reasoning. Bayesian networks represent relationships 

between symptoms and disorders through conditional 

probabilities, allowing the prediction process to be 

examined and updated when new evidence becomes 

available. Similar benefits of combining deep learning 

and Bayesian reasoning have been discussed in previous 

research on explainable mental health diagnosis . 

The preprocessing results also demonstrate the 

potential contribution of class balancing and 

dimensionality reduction. As reported in Table 3, 

accuracy increased from 86.76% before preprocessing to 

90.37% after the application of SMOTE, PCA, and ICA, 

followed by a reported improvement to 95.08% with the 

proposed hybrid framework. The AUC-ROC increased 

from 89.63% to 94.32% and subsequently to 98.34%, 

while RMSE decreased from 0.176 to 0.142 and then to 

0.074. These changes indicate that the preprocessing and 

hybrid modelling stages may contribute to improved 

discrimination and reduced prediction error. 

Nevertheless, the individual effects of SMOTE, PCA, 

and ICA should be evaluated separately through ablation 

experiments to establish the contribution of each 

component. 

The comparative results further indicate that 

XGBoost achieved the second-highest reported 

accuracy, followed by Logistic Regression and 

Explainable Boosting Machine. This observation 

suggests that ensemble-based learning can capture useful 

relationships in structured data, while the proposed 

hybrid approach may benefit from combining these 

relationships with contextual symptom information. 

Previous research has similarly explored transformer-

based methods for behavioural health classification 

using police narratives, demonstrating the relevance of 

contextual language processing in criminal justice 

applications. Research on explainable machine learning 

for mental health prediction has also highlighted the 

importance of model transparency and the interpretation 

of behavioural indicators. 

The reported AUC-ROC of 98.34% indicates strong 

discrimination between the target classes in the evaluated 

dataset. However, high discrimination alone does not 

establish that predicted probabilities are well calibrated 

or that the model will perform consistently on data from 

different criminal justice institutions. Calibration 

analysis, class-wise sensitivity and specificity, confusion 

matrices, and external validation are therefore necessary 

to assess the reliability of the proposed framework. In 

particular, the performance should be examined across 

demographic groups to identify possible differences in 

prediction errors. Fairness is especially important in 

criminal justice applications because automated 

predictions may influence decisions involving 

individuals from diverse social and demographic 

backgrounds. 

The dataset used in this study contains demographic 

characteristics, criminal history information, and health 

indicators, as summarized in Table 1. These categories 

provide a potentially useful foundation for examining 

relationships between individual circumstances and 

mental health outcomes. However, the dataset 

description and target-label construction require 

additional clarification. The manuscript should explain 

how the mental health disorder labels were obtained, 

whether they were clinically validated, how textual 

symptom descriptions were associated with the 

structured records, and which variables were supplied to 

each model. Such details are essential to establish that 

the model is learning meaningful clinical patterns rather 

than relying on indirect or potentially biased 

associations. 

The training curves presented in Figures 4 and 5 

show generally stable performance across the reported 

32 epochs, although a noticeable reduction in F1-score 

and recall occurs around the 23rd epoch. This temporary 

variation may indicate fluctuations in the balance 

between precision and recall during training. The final 

model-selection procedure should therefore be clearly 

documented, including the validation strategy, stopping 

criterion, selected epoch, and whether the reported 

results were obtained from an independent test set. 

Further evaluation using stratified cross-validation and 

an external dataset would help establish the robustness 

and reproducibility of the proposed framework. 

Despite these promising findings, the proposed 

system should be considered a preliminary screening and 

decision-support approach rather than an automated 

diagnostic or criminal justice decision-making tool. 

Mental health assessment requires professional clinical 

evaluation, contextual understanding, and consideration 

of individual circumstances. The use of sensitive 

demographic, criminal history, and health-related 

information also raises important concerns regarding 

privacy, informed governance, fairness, and the potential 

misuse of predictive outputs. Future work should 

therefore focus on clinically validated labels, 

independent multi-institutional datasets, transparent 

feature attribution, probability calibration, and fairness 

evaluation. Overall, the proposed BERT-QMR-style 

Bayesian framework provides a potential direction for 

integrating contextual language understanding and 

interpretable probabilistic reasoning, subject to further 

methodological verification and external validation. 
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Conclusion 

This study presented an AI-driven framework for 

mental health disorder prediction in criminal justice 

settings by integrating contextual language modeling 

with probabilistic Bayesian reasoning. The proposed 

BERT-QMR-style Bayesian framework combines 

BERT-based symptom representation with a QMR-style 

Bayesian network to refine initial predictions using 

symptom-level evidence. In addition, SMOTE, PCA, 

and ICA were incorporated to address class imbalance, 

dimensionality reduction, and behavioral and temporal 

feature representation. The proposed framework 

achieved a reported accuracy of 95.08% on the evaluated 

dataset and demonstrated higher reported performance 

than Logistic Regression, XGBoost, and Explainable 

Boosting Machine. The Bayesian component also 

provides an interpretable mechanism for updating 

predictions when additional symptom evidence becomes 

available. However, the current evaluation has important 

limitations. The dataset and target-label construction 

require clearer documentation, and the reported 

performance metrics require verification from the 

underlying predictions. Further evaluation using 

independent datasets, clinically validated labels, external 

validation, calibration analysis, and fairness assessment 

across relevant demographic groups is required before 

the framework can be considered for practical clinical or 

criminal-justice decision support. 
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