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Abstract: The detection of mental disorders is an evolving interdisciplinary domain that seeks to unravel
the intricate neurobiological foundations of mental illnesses. With mental health challenges contributing
increasingly to the global disease burden, the demand for accurate and reliable diagnostic systems has
become more pressing than ever. Conditions such as schizophrenia and bipolar disorder, which impact a
considerable share of the population, are particularly difficult to diagnose due to their overlapping genetic
markers and clinical manifestations. To overcome these challenges, we introduce a deep learning—driven
framework designed to pinpoint critical gene biomarkers using gene expression datasets from the Gene
Expression Omnibus (GEO). The framework integrates the kernel-applied Fisher score (KFScore) for robust
feature selection, and further Convolutional Neural Network (CNN) based RESNET is used to classify the
schizophrenia and bipolar disorder data. The model’s effectiveness is measured by its classification
accuracy, the number of key genomic features it extracts, as well as its sensitivity and specificity.
Keywords: Mental disorder; Kernal Fisher Score; Deep learning; significant biomarker; Convolutional
neural network

Introduction

The pharmacological management of schizophrenia and bipolar disorder is associated with considerable
adverse effects. These include motor complications such as extrapyramidal reactions, tardive dyskinesia,
and akathisia; endocrine, metabolic, and systemic disturbances such as hyperprolactinemia, weight gain,
hyperlipidemia, hyperglycemia/diabetes, hypothyroidism (particularly with lithium), hepatic toxicity (e.g.,
valproate), and cognitive impairment; as well as other adverse outcomes including sedation, orthostatic
hypotension, anticholinergic effects, cardiac conduction abnormalities, seizures, and, in rare but severe
cases, neuroleptic malignant syndrome, agranulocytosis, myocarditis, and acute pancreatitis [1]. The
frequency and severity of these side effects vary across drug classes—typical antipsychotics are more
commonly associated with movement-related disorders, whereas atypical agents tend to induce
metabolic and endocrine complications [2]. These risks strongly influence clinical decision-making and
shape the individualized risk—benefit analysis in treatment planning.
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Schizophrenia, which affects males and females at comparable rates, is characterized by hallucinations,
delusions, cognitive disorganization, negative symptoms, and mood disturbances, all of which impair daily
functioning and social relationships [3]. Its pathogenesis is believed to involve dysregulated
neurotransmission, driven by an interplay of genetic and environmental factors [4].

Bipolar disorder, affecting approximately 2% of the global population, is a major psychiatric illness defined
by alternating episodes of mania and depression [5]. Genetic predisposition is a key contributor, and
differentiation from major depressive disorder can be challenging, often leading to delayed diagnosis,
misdiagnosis, and heightened suicide risk [6][7]. Clinical features include mood instability, irritability,
anxiety, and disturbances in sleep. Standard treatment strategies typically involve antipsychotics and
mood stabilizers, including lithium and valproate.

The presented model for disease prediction and classification consists of in two parts.

Prat I: A novel key gene extraction algorithm, Kernel Fisher Score (KFScore), is applied to identify the most
significant genetic biomarkers.

Part II: A deep CNN (based on RESNET) is applied to classify the schizophrenia and bipolar disorder data.

Related work

Several representative approaches illustrate this process of mental disorder detection. Chen et al. [8]
apply deep neural networks (DNNs) to genomic datasets to differentiate schizophrenia from bipolar
disorder. Mashayekhi Shams & Jabbari et al. [9] introduce an end-to-end CNN-LSTM pipeline with 15- and
16-layer architectures for automated schizophrenia detection using neuroimaging data. Keshavan et al.
[10] design a concise clinical scale that quantifies psychotic and affective symptomatology across illness
trajectories. Arribas et al. [11] employ independent component analysis (ICA) and default mode network
(DMN) measures to identify schizophrenia biomarkers. Karthik & Sudha [12] utilize deep neural networks
for predicting both bipolar disorder and schizophrenia, while Fond et al. [13] apply CART decision trees
for schizophrenia diagnosis. Trakaddis et al. [14] adopt gradient boosted trees with regularization to
classify genomic schizophrenia profiles. Karrer et al. [15] incorporate meta-analytic cognitive priors to
forecast cognitive outcomes in schizophrenia, and Talpalaru et al. [16] leverage logistic regression,
support vector machines (SVM), and random forests to predict symptom severity. Finally, Salvador et al.
[17] use Ridge Regression for schizophrenia classification. While prior studies have predominantly
emphasized either deep learning or traditional machine learning paradigms, our work offers a direct
comparative analysis of both approaches in the classification of bipolar disorder and schizophrenia.
Furthermore, we propose a novel ensemble framework—KFScore CNN—which integrates a Kernel Fisher
Score (KFScore) filter for effective feature extraction and CNN for classification.

Proposed Hybridized Approach

This study presents a two-phase ensemble framework aimed at selecting key genomic features and
classifying disease-related data:
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Figure 1 illustrates the overall workflow of the KFScore driven SC MBO CNN pipeline. Below is a detailed
breakdown of the proposed methodology:

1.

Data Preprocessing
In Table 1 shows the detailed elaboration of the dataset.Apply min—max normalization to both
the bipolar disorder and schizophrenia datasets, followed by partitioning the normalized data into
training and testing subsets.
Feature Selection
Employ the Kernel Fisher Score (KFScore) filter to extract the most discriminative genetic features.
Model Training and Optimization
Use the KFScore-selected features as input to a Convolutional Neural Network (CNN) classifier.
Perform hyperparameter optimization during training.
Evaluation
Assess the performance of the optimized KFScore-CNN model on the test dataset, with
classification accuracy as the primary evaluation metric.
Comparative Study
Compare the proposed KFScore—CNN framework against conventional machine learning
classifiers to demonstrate its relative effectivenes

Table 1 The detailed elaboration of the dataset.

Data Source Sample Nos. Feature Nos. Classes
GSE12649 [ 18] 102 no. of 22,283 Binary (0
samples means
. Control, 1
(33 bipolar

i means Case)
disorder

patients, 35
schizophrenia
patients, 34
control
samples)
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Figure 1. The overall architecture of the presented KFScore- CNN model.
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Result Discussion (in GSE12649)
The kernel-based Fisher Score approach is applied to address this task, aiming to identify the most

relevant and interdependent features from the input dataset. In each method, a score is assigned to every
attribute, after which the attributes are ranked in descending order. The top-ranked features are then
selected for further analysis. Table 2 shows the detailed comparison of the dataset’s performance with

proposed method and other ML algorithms.

Table 2 The detailed comparison of the dataset performance with proposed method and other ML

algorithm.
Data Used | Methods used | Accuracy% | Sensitivity% | Specificity%
GSE12649 | KFScore-CNN 89.12 91 88.38
KFscore-KELM 82.15 82.10 80.76
KFscore -ELM 80.19 80.88 81
KFscore -MLP 76.27 77.27 75.10

Conclusions

In this study, we introduce an ensemble deep learning framework specifically developed for the GSE12649
dataset. Here, first, the KFScore algorithm is applied to extract the most informative genomic features. A
key strength of KFScore lies in its ability to filter out irrelevant genes from the high-dimensional feature
space by leveraging a kernel transformation. Then, a Convolutional Neural Network (CNN) based RESNET
is used to classify the schizophrenia and bipolar disorder data. The effectiveness of the framework is
assessed using multiple performance indicators, including classification accuracy, the number of
significant genes selected, sensitivity, specificity. From the above experimental analysis, it is clear that the
presented method outperforms the others.
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