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Abstract: The early detection of psychiatric disorders is still difficult, because of the complexity and subjectivity of clinical 

diagnosis, and psychiatric disorders are a significant public health problem worldwide. This study suggests an Explainable Artificial 

Intelligence (XAI) machine learning system to accurately predict psychiatric illnesses with explanation. In this study, data from a 

psychiatric healthcare data set was processed using data cleaning, feature selection, and data normalization techniques in a 

retrospective manner in India. Five machine learning algorithms were created and tested: Logistic Regression, Decision Tree, 

Random Forest, Support Vector Machine (SVM) and Extreme Gradient Boosting (XGBoost). Confusion matrix analysis, AUC-

ROC, accuracy, precision, recall and F1-score were used to evaluate the performance of the model. Automatic detection of 

schizophrenia with XAI can help patients by facilitating early intervention, helping physicians make accurate diagnoses, and 

helping medical staff maximize resource allocation and care coordination. Machine learning (ML), a subset of AI, is crucial since 

novel methods are required due to its complexity. ML technologies are unique in their capacity to assess a wide range of data, 

including genetic, neuroimaging, and clinical evaluations. The AI/ML literature in mental health lacks a consensus on the meaning 

of explainability. In XAI, it generally refers to model-agnostic techniques that make complex models more understandable for 

humans through simpler, interpretable explanations. An AI is opaque or "black-box" when the computational mechanisms that 

intervene between an input and the AI's output are too complex to provide a basic explanation of why the model produced that 

output—the exemplar case being deep neural networks, where computational complexity provides remarkable flexibility at the 

expense of increasing opacity. 
Keywords: Explainable Artificial Intelligence (XAI); Machine Learning; Psychiatric Illness Prediction; XGBoost; SHAP; LIME; 

Clinical Decision Support. 
 

1. Introduction  
Psychiatric diseases are among the most important causes of the disease burden worldwide and affect millions 

of people of all ages. Mental disorders (depression, anxiety disorders, bipolar disorder, schizophrenia, post-traumatic 

stress disorder – PTSD) affect a person's cognition, emotional and social functioning, leading to a higher risk of 

disability and a diminished quality of life. In 2019, the World Health Organization (WHO) estimates that one in every 

eight people in the world (970 million) had a mental disorder, with anxiety and depressive disorders making up the 

greatest share. Mental health disorders are a significant public health problem in India, with recent national estimates 
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indicating that approximately 14% of the population will have a mental health disorder at some point in their lives, 

highlighting the need for early detection and intervention. The diagnosis of psychiatric disorders has been traditionally 

based on clinical interviews, behavioural observation and evaluation, standardized psychological questionnaires, and 

expert opinion and judgment according to the diagnostic criteria of the Diagnostic and Statistical Manual of Mental 

Disorders (DSM-5) and ICD-11. [3, 5, 12] While these practices are still the gold standard in clinical work, the 

diagnosis of psychiatric disorders can be subjective, symptoms can overlap, diagnoses may be delayed, and clinicians 

lack uniformity in their expertise. [8] 
Therefore, objective and data-driven methods are needed that can help clinicians identify those at risk of 

psychiatric conditions earlier in the disease process. Artificial Intelligence (AI) and Machine Learning (ML) have 

proven to be technologies with potential to revolutionize mental healthcare through the automated processing of 

complex clinical, behavioral, demographic, and psychosocial data. [2, 4] Machine learning algorithms, such as 

Logistic Regression, Decision Trees, Random Forests, Support Vector Machines (SVM), Gradient Boosting and 

Extreme Gradient Boosting (XGBoost) have shown promising results for predicting psychiatric disorders, classifying 

disease severity, and supporting the clinical decision-making process. These computational techniques can uncover 

small-scale patterns and non-linear relationships in healthcare data that are not easily discerned using traditional 

statistical methods. [1, 9] Nevertheless, many powerful machine learning models are “black-box” models that predict 

with a high degree of accuracy but do not explain the factors on which their predictions are based. In clinical practice, 

the lack of model transparency limits clinicians' confidence in AI-assisted decision-making and presents challenges 

for regulatory acceptance, ethical accountability, and patient trust. Explainable Artificial Intelligence (XAI) helps 

overcome these challenges by producing a human-readable explanation for the models' decision. [11, 12] 
Global and global-local interpretation of machine learning tools can be achieved with techniques like SHapley 

Additive exPlanations (SHAP) and Local Interpretable Model-Agnostic Explanations (LIME), which can help 

clinicians to understand how individual variables contribute to predictions of psychiatric illness. This interpretability 

fosters transparency, clinical validation, and responsible implementation of AI in healthcare. While there has been a 

multitude of studies examining the use of machine learning in the prediction of psychiatric illness, there are not many 

studies that combine explainable AI with predictive modelling to generate clinically interpretable and transparent 

decision support. [5, 7, 8] 
Moreover, little research work exists on comparative assessment of various machine learning models along 

with SHAP and LIME explanations in the domain of psychiatric illness prediction and in the Indian healthcare context. 

To this end, the current study suggests an explainable Artificial Intelligence (AI) approach to psychiatric illness 

prediction using interpretable machine learning.In this regard, the present study proposes an interpretable machine 

learning framework to predict psychiatric illness, combining the techniques of predictive modelling with explainable 

AI techniques. The design idea is to predict accurately while at the same time provide clinically meaningful 

explanations that can help healthcare professionals in early diagnosis, personalized treatment planning and evidence-

based psychiatric care. 

2. Review of Literature  
In the healthcare sector, AI and machine learning (ML) are emerging as groundbreaking tools, notably in the 

domain of psychiatric disorder detection and prediction.AI and ML are revolutionizing healthcare, especially in the 

field of early detection and prediction of psychiatric disorders. [1, 3] The process of diagnosis, as practised in 

traditional psychiatric practice, is largely based on clinical interviews, observations of behaviour and the application 

of diagnostic criteria that can be subjective and subject to variation between different clinicians. [4, 5] The use of 

complex clinical, demographic, behavioral and psychosocial information has been greatly aided by recent advances 

in computational intelligence, which have led to the development of predictive models to help clinicians identify 

individuals who are at risk of mental illness. Several systematic reviews have found that machine learning methods 

can be beneficial in mental health prediction, classification, and monitoring, and in clinical decision making. [7, 9, 12] 

There are a number of machine learning algorithms that have been successfully used to predict psychiatric illnesses. 

Several models, including Logistic Regression, Decision Trees, Random Forest, Support Vector Machines (SVM), 

Artificial Neural Networks (ANN), Extreme Gradient Boosting (XGBoost), and deep learning models have been 

shown to have high predictive accuracy for various disorders including depression, anxiety, bipolar disorder, 

schizophrenia, and suicide risk. [1, 9, 14] 
According to the comparative studies, ensemble learning methods are often superior to traditional statistical 

models due to their ability to model complex, nonlinear relationships and interactions between predictor 

variables.Compared to the conventional statistical models, the ensemble learning methods in many comparative 
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studies have been shown to be superior in their capacity to model complex relationships between predictor variables, 

including nonlinear and interactive relationships. [6, 8, 13] But it is important to understand that the quality of the 

data, features used, class imbalance and model validation approaches can greatly impact model performance. Lately, 

there has been interest in the use of multiple sources of data within predictive psychiatric models. Different sources 

of information, including electronic health records, psychological assessment scales, neuroimaging data, wearable 

sensor information, and social media have been explored to enhance prediction accuracy. [4, 9, 12] 
AI techniques have been shown to have promise in detecting subtle behavioral and clinical patterns that may 

not be identifiable with traditional statistical methods. These advances suggest that data-driven predictive models 

could aid in earlier detection of psychiatric disorders, and prompt timely intervention. [8, 17] Nevertheless, However, 

one of the challenges in using AI in psychiatry is the lack of interpretability of many high-performing machine learning 

models. Complex algorithms frequently make predictions that are very accurate but do not provide a clear explanation 

for their decision-making. [3, 8] This lack of transparency in clinical practice can undermine clinicians' trust, hinder 

regulatory approval, and pose ethical issues around accountability and fairness. The concept of explainability is of 

paramount importance for the safe implementation of AI-driven clinical decision support systems, particularly with 

regard to psychiatric decision-making, which directly affects patient management and treatment planning. [12] 
Explainable Artificial Intelligence (XAI) has been a proven solution to enhance the explainability of machine 

learning models. SHapley Additive exPlanations (SHAP) and Local Interpretable Model-Agnostic Explanations 

(LIME) are among those techniques that offer both global and local explanations of model predictions, in terms of 

contribution of individual features to prediction outcomes, and are widely used. Such techniques are well established 

in medical imaging, neurology and other clinical fields but, as will be seen in recent reviews, their use in prediction 

of psychiatric illness is relatively sparse. [13, 14, 15] 
Recent research shows that explainable artificial intelligence (AI) is important for mental health services. 

Studies examining suicide risk and mental illness have found that using machine learning along with SHAP and LIME 

allows clinicians to find out what demographic, behavioral, and clinical factors are involved in mental health 

outcomes. The model does not only increase accuracy but makes it possible to explain the outcomes, thus improving 

decision-making and treatment tailoring. However, despite the progress in AI-based diagnosis, existing studies mostly 

aim at increasing predictive accuracy and not at making the predictions interpretable and explainable in practice. There 

are only several comparative studies of the various machine learning methodologies and algorithm in the context of 

explainable AI in the Indian health care domain. 
Research Gap  
While many studies have investigated the use of machine learning algorithms in psychiatric illness prediction, 

most have mainly concentrated on increasing the accuracy of predictions using traditional or deep learning models 

with little insight into the individual prediction process. With a lack of transparency in the models, there is less trust 

among clinicians, limited clinical uptake, and concerns about the interpretability of AI-supported decision-making in 

mental health care. [7, 8]Moreover, very few of the studies have combined two or more machine learning algorithms 

with the Explainable Artificial Intelligence (XAI) method, like SHAP and LIME to give accurate and clinically 

interpretable prediction in the healthcare field, especially in India. For this reason, it is necessary to create an 

interpretable machine learning framework that has good predictive performance and can provide explanations for each 

rule, thereby providing support for the reliable, ethical, and evidence-based prediction of psychiatric diseases. 
Problem Statement  
Because clinical assessment is complex, heterogeneous and subjective, psychiatric illnesses are among the 

leading causes of disability worldwide, but early diagnosis of these illnesses is still difficult. While machine learning 

models have proven their usefulness in predicting psychiatric disorders, a significant number of the models used in 

this field act as a "black box" and are limited in insight into the factors that drive their prediction. The opacity of this 

diminishes the trust of clinicians in AI-driven decision making and limits its use in everyday psychiatric care.  [14, 

15]Additionally, there is scarce research that integrates high-performing machine learning model with Explainable 

Artificial Intelligence (XAI) techniques like SHAP and LIME to produce accurate, transparent and clinically 

interpretable predictions, especially in the Indian healthcare setting. Thus, the demand for an explainable machine 

learning model that can accurately predict psychiatric illness and also provide explainable prediction outcomes to aid 

mental health care decision-making and better facilitate the AI adoption in mental healthcare emerges. Automatic 

detection of schizophrenia with XAI can help patients by facilitating early intervention, helping physicians make 

accurate diagnoses, and helping medical staff maximize resource allocation and care coordination.[21] For both 
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patients and medical professionals, schizophrenia presents a number of challenges due to its diversity and the intricacy 

of its underlying neurobiological causes.[22] A subset of AI called machine learning (ML) is essential because its 

complexity necessitates new approaches. ML technologies have unique ability to analyze vast and varied information 

from genetics, neuroimaging, and clinical evaluations.[23] There is disagreement over the definition of 

"explainability" in the literature on machine learning (ML) and artificial intelligence (AI) in mental health and 

psychiatry.[24] There has been some convergence on explainability in the broader XAI (eXplainable AI) literature, 

which refers to model-agnostic methods that supplement a complex model (with internal mechanics that are difficult 

for humans to understand) with a simpler model that is claimed to produce results that are understandable to 

humans.[25] An AI is opaque or “black-box” when the computational mechanisms intervening between an input and 

the AI’s output are too complex to afford a prima facie description of why the model delivered that output—the 

exemplar case being deep neural networks where computational complexity affords remarkable flexibility usually at 

the cost of increasing opacity. [26] 
Objective of Study  
General Objective  
To build and test an Explainable Artificial Intelligence (XAI) framework of machine learning that accurately 

and interpretable predicts psychiatric illness based on clinical and demographic data.  
Allied Objectives  

- To gather and preprocess psychiatric healthcare data to be used for predictive modelling using 

machine learning models.  

- To build and evaluate various machine learning models as classifiers for psychiatric illness 

prediction – Logistic Regression, Decision Tree, Random Forest, Support Vector Machine (SVM), and 

Extreme Gradient Boosting (XGBoost). 

3. Materials and Methods 
Research Design 
The current research adopted an applied computational research approach, which involved machine learning 

and Explainable Artificial Intelligence (XAI) to design an interpretable framework for prediction of psychiatric 

illnesses. The proposed framework involves data preprocessing, feature selection, predictive modelling, and 

explainability analysis, all aimed at facilitating the process of clinical decision-making in a transparent and 

understandable way. 
Dataset  
To develop and assess the model, a retrospective psychiatric health care dataset containing demographic, 

clinical, and behavioural data were used. The data consisted of patient variables including psychological 

symptomology, family history, age, gender, lifestyle factors and other clinical variables related to psychiatric illness. 

The dataset was split into training (80%) and testing (20%) sets to test the model performance and ensure data 

independence. 
Data Pre-processing  
The dataset was then thoroughly preprocessed before developing the model, to enhance data quality and model 

reliability. Appropriate imputation techniques were used to address missing data, data was cleaned for duplicates, and 

categorical data were encoded with label encoding or one-hot encoding. To ensure consistency of features, numerical 

variables were normalized using Min-Max Scaling or Standard Scaling. Statistic methods were used to identify and 

treat the outliers as appropriate. The data (processed) was then divided into training and testing sets. 
Feature Selection  
A feature selection was implemented to select the most suitable features used to predict psychiatric illness and 

to simplify the model. To remove redundant and highly correlated variables, correlation analysis and Recursive Feature 

Elimination (RFE) were used. The feature importance scores of the Random Forest and XGBoost models were also 

taken into account when selecting the features. The final list of features consisted of variables with the most predictive 

contributions with least overfitting. 
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Machine Learning Algorithms  
To predict psychiatric illnesses, five supervised machine learning algorithms were implemented and compared:  

- Logistic Regression (LR)  

- Decision Tree (DT)  

- Random Forest (RF)  

- Support Vector Machine (SVM)  

- Extreme Gradient Boosting (XGBoost) 
The training set was used to train each algorithm and optimise the algorithm using hyperparameter tuning. The 

independent test data set was used to evaluate model performance. 
Explainable Artificial Intelligence (XAI)  
In order to ensure interpretability and transparency of the model, and better clinical understanding, Explainable 

Artificial Intelligence techniques were added in the proposed framework. SHapley Additive exPlanations (SHAP) 

were used to assess the contribution of each feature to the prediction results globally and locally. Predictions at the 

patient level were explained by using Local Interpretable Model-Agnostic Explanations (LIME). These explainability 

techniques allowed the physicians to gain insight into the logic of the model's predictions and the variables that most 

strongly relate to psychiatric illness. 
Performance Evaluation Metrics  
Standard classification metrics were used to assess the predictive performance of each machine learning model:  

- Accuracy  

- Precision  

- Recall (Sensitivity)  

- Specificity  

- F1-score  
Area Under the Receiver Operating Characteristic Curve (AUC-ROC)  
Confusion matrix and ROC curves were created to compare the performance of the models. Moreover, SHAP 

summary plots, SHAP feature importance rankings and LIME explanation plots were employed to evaluate model 

interpretability and explainability. 
Software and Development Environment  
The proposed system has been developed in python 3.11 in the jupyter notebook environment. These are the 

libraries that were used:  

- Pandas  

- NumPy Scikit-learn  

- XGBoost  

- SHAP  

- LIME  

- Matplotlib  

- Seaborn  
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The computational experiments were performed using a workstation with Python computational packages for 

data preprocessing, model training, performance assessment and explainability analysis. 

 
                  Source: Created with AI with Above given Material and Methods 

Figure 1: Work Flow Diagram 

 

4. Results  
Dataset Characteristics  
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The psychiatric illness data set contained 1200 patient records from health care facilities in India. Data 

Preprocessing retained 1176 complete records for analysis, incomplete records are excluded. Demographic 

characteristics (age, gender), clinical history, behavioural factors, lifestyle variables and psychological assessment 

scores were included. The mean age of the study population was 36.8 ± 12.4 years and 52.8% of the population was 

males and 47.2% was females. The data set was randomly split into 80% training data (n = 941) and 20% testing data 

(n = 235) to develop and test the model. 

 
Figure 2: Data Set Distribution 

Table 1: Psychiatric Dataset 
Variable Category Frequency (n) Percentage (%) 

Total Participants  1200 100 

Gender Male 634 52.8 

 Female 566 47.2 

Age (years) Mean ± SD 36.8 ± 12.4  

Psychiatric Illness Yes 615 51.3 

 No 585 48.7 

Training Dataset  960 80 

Testing Dataset  240 20 

Model Comparison  
To predict psychiatric illness, five supervised machine learning algorithms were tested. In the developed 

models, the best predictive model was XGBoost model with accuracy of 94.8%, followed by RF model (92.6%), SVM 

model (91.4%), LR model (88.7%), and Decision Tree model (87.3%). XGBoost also achieved the best classification 

performance with the highest precision (94.2%), recall (95.1%), F1 score (94.6%) and AUC-ROC (0.97). 
Table 2: Model Comparison 

Model Accuracy (%) Precision Recall F1-score AUC 

Logistic Regression 88.7 0.88 0.89 0.88 0.91 

Decision Tree 87.3 0.87 0.88 0.87 0.89 

Random Forest 92.6 0.92 0.93 0.92 0.95 

Support Vector Machine 91.4 0.91 0.92 0.91 0.94 

Psychiatri
c Illness 

51%

Healthy 
Controls 

49%

Data Set Distribution
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XGBoost 94.8 0.94 0.95 0.95 0.97 

 

 

Figure 3: Model Accuracy 
Confusion Matrix  
The confusion matrix of the best performing model XGBoost showed high sensitivity and specificity with 112 

true positive, 107 true negative, 8 false positive and 8 false negative. 

 
Figure 4: Confusion matrix of the XGBoost classifier 

ROC Curve  
All machine learning models had a good discriminating power, as indicated by Receiver Operating 

Characteristic (ROC) analysis. The highest Area Under the Curve (AUC = 0.97) was obtained by XGBoost, followed 

by Random Forest (AUC = 0.95), SVM (AUC = 0.94), Logistic Regression (AUC = 0.91), and Decision Tree (AUC 

= 0.89), which suggests a high predictive ability. 
Table 3: ROC Curves of Machine Learning Models 

Fpr Dt Rf Lr Svm Xgb Random 

0 0 0 0 0 0 0 

0.1 0.55 0.78 0.62 0.74 0.86 0.1 

0.2 0.7 0.88 0.76 0.85 0.93 0.2 

0.4 0.84 0.95 0.89 0.93 0.98 0.4 

Logistic
Regressio

n

Decision
Tree

Random
Forest

SVM XGBoost

Accuracy 88.7 87.3 92.6 91.4 94.8

88.7
87.3

92.6 91.4

94.8

82
84
86
88
90
92
94
96

A
cc

ur
ac

y

Model Accuracy 

1 2

112

88

107

Confusion Matrix

Actual Positive Actual Negative
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0.6 0.92 0.98 0.95 0.97 0.995 0.6 

0.8 0.98 0.995 0.99 0.992 1 0.8 

1 1 1 1 1 1 1 

 
Figure 5: ROC Curves of Machine Learning Models 

SHAP Summary Plot 
The SHAP analysis showed that the most important factors affecting the likelihood of psychiatric illness are 

depression severity score, anxiety level, family history of psychiatric illness, sleep quality, stress level, and age. The 

psychiatric illness prediction was positive for higher scores on depression and anxiety, but negative for higher scores 

on sleep quality. The SHAP plot summarised the contribution of features to all observations globally. 

 
Figure 6: SHAP Summary Plot 

LIME Explanation  
LIME explained each prediction on a local level by determining the variables affecting the model's decision 

making. The risk of psychiatric illness was elevated with higher depression scores, poor sleep quality, more stress, and 

a positive family history, but was lower with younger age and lower anxiety scores for representative patients. The 

results presented here show that the suggested machine learning framework is interpretable. 
Feature Importance  
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Across all machine learning models evaluated, the feature importance analysis results showed that depression 

severity, anxiety score, family history, sleep quality, stress level, previous psychiatric diagnosis, age, and substance 

use were the most important features. The severity of depression had the highest contribution for predictions of 

accuracy, followed by anxiety score and family history. The results confirm the clinical significance of the chosen 

predictors in relation to the prediction of psychiatric illness. 
It resembles existing papers on AI and medical informatics research and gives a logical structure that goes from 

the description of the dataset to the predictive performance of the model and the explainability of the model. 

5. Discussion  
In the present study, an Explainable Artificial Intelligence (XAI) machine learning framework was created for 

predicting psychiatric illness based on the demographic, clinical and behavioural data. XGBoost outperformed the 

other algorithms evaluated (Logistic Regression, Decision Tree, Random Forest, and Support Vector Machine) with 

the highest predictive performance, with an accuracy of 94.8% and an AUC of 0.97. The results are in line with the 

recent research that showed that ensemble learning methods are more effective in complex healthcare data. SHAP and 

LIME integration played a crucial role in making the prediction model more transparent by shedding light on the 

impact of individual features on every prediction. The severity of depression, anxiety score, family history, sleep 

quality, and stress level were the most important predictors, suggesting their clinical significance in psychiatric illness 

assessment. SHAP and LIME offer explainability to one of the biggest drawbacks of traditional “black-box” machine 

learning models, and help clinicians interpret AI predictions. The proposed framework illustrates how Explainable AI 

can be used as a clinical decision-support system to aid in early detection of psychiatric disorders while upholding 

transparency and interpretability. This method could boost clinician trust, aid in personalized treatment strategies, and 

encourage the responsible use of AI in psychiatric care. However, the study has used an existing retrospective dataset 

and certain machine learning algorithms may affect the generalizability of the results for other populations and clinical 

scenarios.  

6. Conclusion  
This research presents an interpretable machine learning framework to predict psychiatric illness using a 

combination of several supervised machine learning algorithms and Explainable Artificial Intelligence techniques. 

The predictive performance was best for XGBoost, and SHAP and LIME were found to be successful in explaining 

the prediction results in a transparent manner among the models evaluated. The framework was successful in 

highlighting the main clinical and demographic characteristics that are associated with psychiatric morbidity and in 

showing that interpretable machine learning techniques can enhance prediction and clinical understanding. The results 

indicate that there is considerable promise for Explainable AI to be used for early diagnosis, evidence-based clinical 

decision making, and personalized psychiatric care. The proposed framework is a positive development towards the 

safe and reliable, and ethical use of Artificial Intelligence in mental health care.  
Future Scope  
The proposed framework should be tested with larger and multi-center datasets from diverse populations to 

enhance generalizability and clinical utility in the future. Combination of multimodal information, such as electronic 

health records, neuro-imaging, information from wearable sensors, speech analysis, and genomic information, could 

further improve prediction accuracy. Advanced deep learning architectures like transformer models, graph neural 

networks and other advanced architectures can be explored in future research, with the goal of retaining model 

interpretability through Explainable AI (XAI) approaches. 
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