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Abstract: Schizophrenia is a complex neuropsychiatric disorder characterized by altered brain connectivity patterns and strong
genetic underpinnings. This study develops an intelligent computational system that integrates genomic data with functional
magnetic resonance imaging to establish meaningful correlations between genetic variations in key schizophrenia-associated
genes (DISC1, LRRTM1, DRD2) and altered brain connectivity patterns. The proposed methodology uses gene expression
analysis combined with graph-based brain network analysis from fMRI data. Feature extraction involves constructing
connectivity matrices and computing topological network measures such as clustering coefficients and global efficiency, while
machine learning algorithms are trained to classify schizophrenia patients and identify at-risk individuals using integrated
genomic and neuroimaging features. This research expects to deliver a comprehensive gene-brain analysis system capable of
predicting schizophrenia risk based on these integrated profiles. It aims to identify novel biomarkers linking specific genetic
variants to connectivity alterations in brain regions such as the prefrontal cortex and hippocampus. Anticipated outcomes
include the development of interpretable visualizations, like brain maps and connectivity networks, offering insights into how key
genes impact neural function. Ultimately, this interdisciplinary approach is designed to advance precision psychiatry by
supporting earlier diagnosis and enabling more personalized treatment strategies.
Keywords: Schizophrenia, neuroimaging genomics, gene sequencing, brain connectivity, functional MRI, DISC1, LRRTM1,
DRD2, gene expression, machine learning, biomarkers, graph theory, network analysis, imaging genetics, prefrontal cortex,
hippocampus.

L. INTRODUCTION
A. Overview
Schizophrenia is a chronic and severe mental health condition that affects perception, thinking, emotions, and behaviour. Despite
extensive research, its exact biological mechanisms remain unclear due to its complex genetic and neurological basis. However,
recent advances in genomics and neuroimaging have revealed that certain genetic variations may contribute to disruptions in the
brain’s connectivity patterns, which are often observed in schizophrenia patients [10], [9], [6].
This project aims to explore and establish a link between gene sequences—such as the expression levels and mutations of
schizophrenia-associated genes (DISC1, LRRTM1, DRD2, etc.)—and brain connectivity alterations obtained from functional
magnetic resonance imaging (fMRI) data or PET data. By integrating these two domains, the project seeks to uncover how specific
genetic changes influence the structural and functional organization of the brain in individuals with schizophrenia [1], [5], [2], [3].
The significance of this research lies in its interdisciplinary approach, combining bioinformatics, neuroscience, and machine
learning to identify biomarkers for early diagnosis, better understanding of disease mechanisms, and personalized treatment [4].
This work promotes data-driven mental health diagnostics and precision psychiatry by making complex scientific insights more
accessible to doctors and researchers. By linking genetic data with brain imaging, the project aims to enable earlier, more effective
diagnosis and management of schizophrenia, improving the lives of affected individuals and their families [5], [7].

B. Motivation

Schizophrenia’s complex genetic and neural basis remains poorly understood, as most studies analyze genes and brain connectivity
separately [2], [9]. This project aims to bridge that gap by integrating genomic data with fMRI-based brain network analysis to
identify how key genes (DISC1, LRRTM1, DRD?2) influence brain connectivity [1], [5], [6]- The motivation is to uncover reliable
biomarkers for early diagnosis, personalized treatment, and a deeper understanding of schizophrenia, advancing precision psychiatry

(3], [4]
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C. Problem Definition and Objectives

Schizophrenia is a complex neuropsychiatric disorder influenced by both genetic variations and abnormal brain connectivity
patterns. Traditional studies often analyze these modalities separately, limiting understanding of their interdependence. This project
aims to integrate gene expression, SNP, and fMRI connectivity data to uncover cross-modal relationships and develop a predictive
machine learning model capable of identifying schizophrenia with high accuracy and biological interpretability.

Objectives:

1) Identify Genetic Biomarkers of Schizophrenia: Analyze SNPs, rare variants, and gene expression to detect schizophrenia-linked
mutations (e.g., DISC1, LRRTM1).

2) Model Brain Connectivity Patterns: Use fMRI data to build connectivity matrices and extract structural and functional
abnormalities in schizophrenia

3) Correlate Genetic Variants with Brain Alterations: Develop a pipeline to evaluate how specific gene mutations influence
changes in connectivity in key brain regions.

4) Build a Predictive Machine Learning Model: Integrate genomic and neuroimaging features to train models for schizophrenia
classification, cognitive impairment analysis, and risk prediction.

D. Project Scope & Limitations

1) Project Scope

The project aims to establish an intelligent computational framework that integrates genomic data and fMRI-based brain

connectivity to identify potential biomarkers for schizophrenia. The scope includes:

e Preprocessing of gene expression and fMRI connectivity data to ensure data consistency and normalization.

o Extraction of relevant features through dimensionality reduction (PCA) and feature-level fusion of multimodal data.

e Implementation of machine learning models such as Logistic Regression, Random Forest, and XGBoost to classify
schizophrenia patients and healthy controls.

e Evaluation of model performance using metrics like accuracy, precision, recall, F1-score, and AUC.

e Visualization of gene-brain correlations to provide interpretability and insights into underlying neurogenetic mechanisms.

This study contributes to the advancement of computational psychiatry by enabling early diagnosis and improving understanding of

the genetic and neural factors contributing to schizophrenia.

2) Limitations

Despite promising outcomes, the project faces certain limitations:

e The dataset size is limited, which may affect the generalization of the model to real-world clinical scenarios.

e The fusion strategy assumes linear relationships between modalities, which may not fully capture complex nonlinear
interactions between genes and brain networks.

e High computational requirements for handling large fMRI and genomic datasets may limit scalability.

e The system does not yet incorporate real-time or patient-specific clinical data, which could enhance prediction reliability.

E. Methodologies of Problem Solving

The project follows a systematic, data-driven methodology to establish correlations between genetic variations and brain
connectivity alterations in schizophrenia. The process begins with data collection and preprocessing of genomic and neuroimaging
datasets, followed by feature extraction and integration of both domains. Machine learning techniques are then applied to classify
subjects and identify potential biomarkers.

Finally, the results are visualized and analyzed to derive meaningful interpretations.

This structured methodology ensures that each stage — from data acquisition to model evaluation — contributes effectively toward
achieving the project’s objective of linking gene sequences to brain connectivity alterations in schizophrenia.

The overall process is designed to ensure accuracy, interpretability, and reproducibility. Subsequent sections provide detailed
explanations of each stage, including data processing, model training, and performance evaluation.
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1. LITERATURE SURVEY

Title
Schizophrenia-associated
alterations in centrality
patterns.

Sex differences in gene
expression in schizophrenia:
A meta-analysis

Expansion of Schizophrenia
Gene Network Knowledge
Using Machine Learning

Exploring the Intersection of
Schizophrenia, Machine
Learning, and Genomics

Brain function, structure and
genomic data are linked but
show different sensitivity to
duration of illness and
disease stage in
schizophrenia.

Network analysis reveals
abnormal brain connectivity
in schizophrenia

Generative models identify
mechanisms of altered
connectivity

Generative network models
of altered structural brain
connectivity in
schizophrenia.

Global brain connectivity in
schizophrenia and bipolar
disorder

Altered Small-World Brain
Networks in Schizophrenia
during WM Tasks

Connecting genomic results
for psychiatric disorders to

Method Used
Eigenvector Centrality
Mapping (ECM) + Allen
Brain Atlas

RNA-seq meta-analysis
(hippocampus & PFC)
using DESeq2
Machine learning on
RNA-seq gene
expression data from
brain regions

Review of machine
learning applications in
schizophrenia genomics

Multimodal imaging
(fMRI + MRI +
genomics)

Graph theory:
Global/nodal efficiency,
clustering using Power's
264-node atlas
Generative Network
Models: spatial and
topological wiring
algorithms

Generative network
modeling of structural
connectivity

Resting-state fMRI +
Graph Theory: Global
efficiency, cost,
clustering

fMRI + Graph Theory:
Small-world metrics,
Independent Component
Analysis

GWAS + single-cell
transcriptomics + fMRI

Limitation
The study is correlational
and cannot establish
causality between gene
expression and connectivity
changes.
Alterations in brain
connections aren’t studied.

Results need to be tested on
more diverse and larger
patient groups and brain
connections aren’t
considered.

No new experiments or data,
only a summary of past
work.

Study only looks at one
point in time—not how
things change over time.

The study does not directly
associate connectivity
findings with clinical
symptom profiles.

Mostly based on computer
simulations, not real patient
data.

Conclusions are based on
simulated models and
require additional validation
with neuroimaging data.
Focuses on both
schizophrenia and bipolar
disorder, making disorder-
specific conclusions less
clear.

The analysis is restricted to
working memory tasks,
limiting broader
generalizability.
Cross-sectional; cannot
determine temporal
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2018
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2024

Xiang J. et al.,
2025

Gaebler A. J. et
al., 2023

Gupta C. N. et al.,
2015

Liu J. etal., 2009

Anderson K. et
al., 2020

Chen X. et al.,
2023

Paquola C. et al.,
2022

Ghosal M. et al.,
2021

brain cell types and regions
reveals convergence with
functional connectivity

A Schizophrenia-Related
Genetic-Brain-Cognition
Pathway Revealed in a
Large Chinese Population
Multi-modal Imaging
Genomics Transformer for
Schizophrenia Classification

Investigating Connectivity
Gradients in Schizophrenia:
Integrating Functional,
Structural, and Genetic
Perspectives

Functional connectivity
signatures of NMDAR
dysfunction in schizophrenia
— integrating imaging
genetics & pharmaco-fMRI
Genetic markers of white
matter integrity in
schizophrenia revealed by
parallel ICA

Combining fMRI and SNP
Data to Investigate
Connections Between Brain
Function and Genetics Using
Parallel ICA
Transcriptional & imaging-
genetic association of
cortical interneuron-related
gene sets with functional
brain hierarchy

Genetic risk for
schizophrenia coincides with
hub disruption in structural
brain networks

Molecular signatures of
cortical gradients link
transcriptome and structural
divergence in schizophrenia

G-MIND: An End-to-End
Framework for Imaging-
Genomics-Based
Schizophrenia Biomarker
Identification

functional connectivity

Joint fusion of gray-
matter volume + fALFF
+ 4522 SNPs +
mediation analysis
Transformer deep
learning combining
SMRI + fMRI
connectivity +SNPs
Functional and structural
connectivity gradients +
gene expression
enrichment

GRINZ2A genotype +
resting-state fMRI +
ketamine pharmaco-
fMRI

Parallel-ICA on DTI
white matter FA + SNPs

Parallel-ICA integrating
task-fMRI and SNP
arrays

rs-fMRI hierarchy +
transcriptomic gene-set
enrichment

Polygenic risk score +
diffusion MRI structural
connectome

Cortical morphological
gradient + Allen gene
atlas mapping

Multimodal ML fusion
of fMRI connectivity +
genetic biomarkers (deep
neural networks)

progression.

Mediation supports
associations but not
causality direction.

Requires very large datasets
to avoid overfitting and
ensure generalization.

Gradient alterations not
directly correlated to
symptom severity.

Examines one pathway
(NMDAR); cannot
generalize to all SZ
subtypes.

Small cohort; lacking
independent replication
dataset.

Limited to auditory oddball
task; small sample size
reduces statistical power.

Not schizophrenia-only;
includes healthy participants
and mixed psychiatric
samples.

Focuses on structural hubs
only; functional connectivity
not analyzed.

Does not incorporate clinical
symptom or behavior
relationships.

Computationally expensive;
model interpretability
remains limited.
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1. METHODOLOGY
A. Research / Development Framework
The research and development framework for this project is structured to ensure a systematic, modular, and data-driven approach
for linking genetic sequences to brain connectivity alterations observed in schizophrenia. The methodology focuses on achieving
both computational robustness and biological interpretability by integrating genomic and neuroimaging data into a unified machine
learning framework.
The framework begins with defining the research problem and functional requirements, followed by data preprocessing, feature
extraction, multimodal fusion, model training, explainability, and validation. Each phase has been carefully designed to maintain
consistency, scalability, and scientific rigor.
1) Software Requirement Analysis
The Software Requirement Analysis (SRA) forms the foundation of the project’s implementation by identifying the system’s
objectives, functionalities, input—output relationships, and constraints.
a) Problem Understanding
Schizophrenia is a multifactorial neuropsychiatric disorder that arises from complex interactions between genetic variations and
brain network disruptions. Conventional studies often focus on genetics or neuroimaging independently, leading to incomplete
understanding of the disorder’s biological mechanisms.
This project aims to develop an intelligent computational model that integrates gene expression data and fMRI-based brain
connectivity features to analyze, classify, and interpret schizophrenia-related patterns. The goal is to uncover biologically
meaningful associations between genes and brain regions while enabling predictive analysis.

2) Functional and Non-Functional Requirements
a) Non-Functional Requirements

Type Description
Performance The system must efficiently handle high-dimensional biological data.
Accuracy Model accuracy should exceed 85% for schizophrenia classification.
Scalability New datasets or additional modalities should be integrable with minimal
adjustments.

Reproducibility Analysis should yield consistent results under identical conditions.
Interpretability The system should provide feature-level explanations for predictions.
Reliability All computational steps should ensure data integrity and traceability.

Table 3.1.2.1 Non-Functional Requirements

b) Functional Requirements

ID Requirement Description

FR1 | Data Input Load gene expression, fMRI, and optional SNP datasets from .npy or .csv formats.

FR2  Data Preprocessing Handle missing values, normalize features, and apply PCA to reduce dimensionality.

FR3 | Feature Selection Identify top features that contribute most to the variance and classification
performance.

FR4 | Data Fusion Combine PCA-reduced gene and brain features horizontally to create a unified feature
vector.

FR5 | Model Training Train and evaluate ML models (Logistic Regression, Random Forest, XGBoost) on
fused data.

FR6 | Explainability Use SHAP and feature importance metrics to identify biologically relevant gene-brain
correlations.

FR7 | Visualization Generate plots for PCA variance, ROC curves, confusion matrices, and SHAP
summaries.

FR8 | Patient-Level Allow individual gene and fMRI sample input for subject-specific schizophrenia risk

Prediction prediction.

Table 3.1.2.2 Functional Requirments
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3) Hardware and Software Requirements
a) Hardware Requirements

Component Specification
Processor Intel i5 or AMD Ryzen 5 and above
Memory Minimum 8 GB RAM (16 GB recommended)
Storage 1 TB HDD / SSD for fMRI data storage
GPU Optional — for future deep learning implementation
Operating System Windows 10 / Ubuntu 22.04 or higher

Table 3.1.3.1 Hardware Requirements

b) Software Requirements

Software Purpose

Python 3.9+ Core programming and machine learning implementation
NumPy, Pandas Data manipulation and numerical computation
Scikit-learn PCA and ML model development

XGBoost Advanced gradient boosting classifier

Matplotlib, Seaborn Visualization and statistical plotting

SHAP Explainability and interpretability analysis

Anaconda / WSL Virtual environment setup and dependency management

Jupyter Notebook / VS Code Development and analysis environment
Table 3.1.3.2 Software Requirements

4) Research Methodology and Framework Design

The overall system is structured into interconnected modules, each focusing on a specific research objective and computational

function:

e Data Acquisition Module: Collects and loads high-dimensional genomic and fMRI datasets. Data files are pre-formatted into
NumPy arrays for efficient processing.

e Preprocessing and Normalization Module: Handles cleaning, normalization, and outlier correction to ensure uniform data
scaling. PCA is applied separately to both datasets to reduce redundancy and capture the most informative components.

e Feature Fusion Module: Performs horizontal concatenation of PCA-reduced gene and brain features, forming a 750-
dimensional fused feature matrix. This integration captures both molecular and neural-level variations in a unified
representation.

e Model Training Module: Machine learning models are trained to classify schizophrenia and healthy control samples. Logistic
Regression and Random Forest are used for single-modality training, while XGBoost is optimized for multimodal fusion.

e Explainability and Visualization Module: Uses SHAP values and permutation importance to identify which genes and brain
connections most significantly contribute to schizophrenia classification. Visualization outputs include heatmaps, PCA variance
plots, and connectivity maps.

e Prediction and Reporting Module: Enables individual-level prediction by allowing users to input one subject’s gene and fMRI
features, generating a probability score and visual summary of contributing features.

B. Data Collection or Development Process

The success of this research project relies heavily on the quality, diversity, and representativeness of the data used. Since direct
access to large-scale human genomic and fMRI datasets is restricted due to privacy and ethical constraints, the project uses both
synthetic and real gene data mapping to simulate realistic multimodal data integration.

The overall data collection and development process encompasses dataset preparation, gene—brain mapping, preprocessing, feature
reduction, and the creation of a unified fused dataset for training predictive models.
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1) Data Sources
The project integrates three primary data modalities, each representing a distinct biological dimension of schizophrenia:

Data Type Description Purpose

Gene Expression Simulated or preprocessed genomic expression values = Represents molecular-level variations that may
Data across thousands of genes. contribute to schizophrenia.

fMRI Connectivity = Synthetic functional connectivity matrices derived Models disrupted neural communication and brain
Data from resting-state fMRI simulations. region connectivity patterns.

SNP (Single Encodes variations at specific genetic loci across Adds granularity to the genomic representation for
Nucleotide subjects. multi-omics analysis.

Polymorphism)

Data

Table 3.2.1.1 Data Types in Dataset

Each dataset was preformatted into NumPy (.npy) arrays for optimized computational performance and loaded into the system for
downstream processing.

2) Dataset Structure
The datasets used in this project are structured as follows:

Dataset Samples Features (f) = File Format Description
(n)
X_genes.npy 10,000 4,825 NumPy Array Gene expression feature matrix.
X_brain.npy 10,000 19,902 NumPy Array Brain connectivity features derived from fMRI
correlation matrices.
X_snps.npy 10,000 1,308 NumPy Array SNP-based genomic variation data.
y.npy 10,000 1 | NumPy Array Binary label representing class: 0 — Healthy

Control, 1 — Schizophrenia.
Table 3.2.2.1 Dataset Structure

Each row in these datasets corresponds to an individual subject, and each column represents a distinct biological feature (gene,
connectivity, or SNP). This structured multimodal representation allows seamless integration during the fusion phase.

a) Gene Dataset (Genomic Expression Data)
The gene dataset typically consists of a matrix of gene expression values, where:

. Rows — represent individual subjects or samples (e.g., Schizophrenia patients or controls).
. Columns — represent individual genes (expression features).
Column Name = Description Use in Model
sample_id Unique ID of the subject (e.g., sample-0001) Used to match with fMRI data
G1, G2, ..., Gn | Gene expression values for each gene (numeric, continuous values) | Model input features
label Diagnostic status (0 = Control, 1 = Schizophrenia) Supervised learning target
Table 3.2.2.2 Gene Dataset Description
Example:
sample_id DISC1 NRG1 CACNA1C GRIN2B DRD2 . label
sample-001 2.3 1.8 0.5 3.2 11 e 11
sample-002 0.9 11 1.2 1.9 0.6 .. 1 0

Table 3.2.2.3 Gene Dataset example

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 |




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue VIII Aug 2026- Available at www.ijraset.com

b) fMRI Dataset (Functional Brain Connectivity Data)
The fMRI dataset captures connectivity between brain regions derived from functional Magnetic Resonance Imaging scans.

Column Name | Description Use in Model

sample_id Unique ID of the subject Used to align with gene data
ROI_1-ROI_2 ' Connectivity strength between Region of Interest (ROl 1 and ROI 2) = Brain connectivity feature
label Diagnosis (0 = Control, 1 = Schizophrenia) Supervised target

Table 3.2.2.4 fMRI Dataset Description
Example (vectorized connectivity matrix):

sample_id ROI1_ROI2 | ROI1_ROI3  ROI1_ROI4 | ROI2_ROI3 | ROI2_ROI4 | .. | label
sample-001 | 0.62 -0.12 0.24 0.10 -0.09 w1
sample-002 | 0.48 -0.08 0.19 0.05 -0.07 .. 0

Table 3.2.2.4 fMRI Dataset example

3) Synthetic Data Development

Due to the lack of large open schizophrenia datasets combining genetics and neuroimaging, a data synthesis pipeline was developed

with these stages:

e Base Dataset Generation: Synthetic data were created via Gaussian sampling to represent normalized biological values across
subjects.

e Signal Injection (Gene-Brain Mapping): Using inject_signal.py and map_real_genes.py, realistic gene—brain correlations were
simulated. Schizophrenia-related genes (DISC1, DRD2, LRRTM1, NRG1, COMT) were linked to brain regions such as the
frontal cortex, temporal lobes, and limbic network.

e Controlled Variability: Gaussian noise and random scaling introduced population diversity and generalization.

e Label Assignment: Subjects with abnormal gene-brain coupling were labeled schizophrenia (1), others as healthy controls (0).

This pipeline produced a high-dimensional, multimodal dataset reflecting realistic neurogenetic patterns while ensuring ethical

compliance and computational efficiency.

4) Gene-Brain Mapping Process

To model biologically plausible gene-brain relationships, a feature mapping and signal injection framework was used:

e Gene Symbol Mapping: map_real_genes.py maps schizophrenia-associated genes from schizo_genes.csv to indices in the
synthetic dataset, ensuring biological realism.

e Targeted Signal Injection: Mapped genes are correlated with specific fMRI features (e.g., DISC1 — fronto-temporal
connectivity, DRD2 — basal ganglia networks).

e  Effect Size & Fraction Control: Parameters such as effect strength (o = 1.4) and signal fraction (f = 0.8) control the influence of
gene signals on brain features.

e  Output Mapping: gene_symbol_mapping.csv records gene—feature associations for downstream model interpretability.

5) Data Preprocessing

Before applying machine learning algorithms, data preprocessing was performed to standardize and optimize inputs. All features
underwent Z-score normalization

_X-u

B g

where p and o represent the mean and standard deviation of each feature in the training set. This ensured zero-centered, unit-
variance features, preventing any modality or feature from dominating the PCA or classifier.

XI

Step Description Purpose
Normalization All feature matrices were standardized to zero mean and unit Removes bias due to varying feature scales.
variance.
Outlier Removal Samples with extreme feature values were clipped or smoothed. Enhances model robustness.
Dimensionality Reduction Applied separately on gene, fMRI, and SNP matrices. Captures principal variance directions while reducing noise and
(PCA) redundancy.
Feature Scaling PCA components were normalized for consistent weighting Prevents dominance of high-variance features during fusion.

across modalities.

Table 3.2.5.1 Data Preprocessing Steps
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Principal Component Analysis (PCA) reduced the feature dimensionality as follows:

e Genes: 4825 — 200 components

e fMRI: 19,902 — 500 components

e SNPs: 1,308 — 50 components

This reduction ensures computational efficiency and preserves the most significant variance in each modality.

6) Feature Engineering

The feature selection process aimed to identify the most informative genetic and neuroimaging biomarkers associated with
schizophrenia from high-dimensional datasets. Each subject’s data included approximately 4825 gene expression and 19,902 fMRI
features. To reduce redundancy, Principal Component Analysis (PCA) was applied to each modality, retaining 200, 500, and 50
components for genes, brain, and SNPs respectively. PCA transforms data X € R™*¢ into lower-dimensional form Z = XW, where

Wcomprises eigenvectors of the covariance matrix £ = ;XTX. This dimensionality reduction preserved maximum variance while

enhancing computational efficiency.

Low-variance features were eliminated using a variance thresholding filter, discarding features with o2 < 0.01. Additionally,
schizophrenia-associated genes such as DISC1, DRD2, and NRG1 were targeted during synthetic signal injection to embed known
biological relevance. This ensured that subsequent selection methods could validate recovery of true disorder-related signals.
Feature importance was then determined using Random Forest (RF) and XGBoost classifiers. For each feature j, the importance

score was computed as
T
1 .
[ = TZ AGini;
t=1

where AGini; represents the impurity reduction in tree ¢. In addition, permutation importance was computed as

Iperm(fi) = AUCpq5e — AUCperm(fi)
to ensure robustness by quantifying the performance drop upon randomizing each feature.
Finally, PCA component loadings were mapped back to the original features to identify significant biological contributors. Genes
such as RELN, HTR2A, and CACNA1C showed strong associations with altered prefrontal-temporal connectivity patterns. The
resulting fusion feature vector (200 gene + 500 brain + 50 SNP) represented a compact, biologically interpretable, and highly
discriminative feature set for schizophrenia classification.

7) Multimodal Feature Fusion
Once PCA-reduced datasets were obtained, they were fused horizontally at the feature level to create a unified input for the
predictive model.
Mathematically,
Xfusion = [Xg I Xb I Xs]

Where:

e X, € R™?*%represents gene PCA components

o X, € R™5%rgpresents brain PCA components

o X, € R™>%represents SNP PCA components
This produces a fused feature matrix Xyon € R™75°, combining gene (molecular) and brain (connectivity) features to capture
complementary information and improve the model’s ability to detect schizophrenia-specific patterns.

8) Feature Selection and Variance Analysis
During PCA transformation, the explained variance ratio of each component was analysed to retain components contributing most
to overall data variance:

Modality Total Features | Retained Components =~ Variance Explained (%)
Gene Data 4825 200 88.3%
fMRI Data 19,902 500 91.7%
SNP Data 1,308 50 79.2%

Table 3.2.8.1 Variance Analysis
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This ensures that redundant or noise-driven features are eliminated, and only biologically meaningful patterns are preserved for

modeling.

9) Mathematical Model
a) Data Representation
Each dataset is stored as a numerical matrix:

. SNP data: X, € R™*1308
o Gene expression: X, € R"*4823
] fMRI connectivity: X, € R™*19902

Here, n= number of subjects.

b) Normalization
Each feature is standardized:

This removes scale differences between features.

c) Feature Reduction (PCA)
Each dataset is compressed into fewer components:

Zy = X,
Where W;, W, W,, are PCA loading matrices.
Dimensionality after reduction:

. Gene: 200 components
. fMRI: 500 components
. SNP: 50 components

d) Feature Fusion
All reduced features for a subject are concatenated:

Xfusion =

Row iof XfsioniS

O] 0]

xfusion = [Zg,l'

So each subject is represented using 750 fused features.

e) Machine Learning Model
A classifier (XGBoost) learns a function:

The output is the probability of schizophrenia:

Final predicted label:

f)  Explainability (SHAP)
SHAP assigns importance to each fused feature:

Pi

_ Xk — Mg
k=

=

[z, | Z, | Z,] € R750
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Using PCA weights, important fused features are mapped back to:

. specific genes
. specific brain regions
. specific SNPs

g) Final Output
The model returns:
e 0 — Healthy
e 1 — Schizophrenia risk present

SNP Genetic Data (Xs) Gene Expression Data (X;) fMRI Connectivity Data (Xs)
X, € R0 .\’g € R0 X, € R2*19900

I

\J
[ Normalization & Cleaning ]

!

Variance Calculation / Feature Reduction

Gene — 200 Components
fMRI — 500 Components

SNP — 50 Commponents

Feature-Level Fusion

Xrusion= [ Xg| Xb | Xs] € Rn*750

l

y = f(XFusion)

([ Xe | Xo 1 X))

|

[ Machine Learning Model (RF & XGBoost) ]
!

Explainability / SHAP Analysis
Maps top components — Genes / Brain Regions

A

Prediction Output Schizophrenia
Present /Absent

(lor0)

Fig. 3.2.9.1 Mathematical Model Diagram

C. Tools, Software, and Technologies Used
The project integrated diverse technologies in data engineering, machine learning, and visualization to ensure an efficient, scalable,

and reproducible analytical workflow. The architecture was designed to handle large, high-dimensional datasets like gene
expression and fMRI connectivity while maintaining interpretability and flexibility for future expansion.
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1) Programming Languages and Frameworks
The project was primarily developed using Python, chosen for its robust ecosystem of data science and machine learning libraries.
Python’s versatility allows seamless integration of preprocessing, model training, and result visualization pipelines.

. Python 3.10+ — Core language for all data processing, ML, and backend scripts
Frameworks

. Streamlit — Interactive web Ul for uploads, predictions, and visualizations

. Scikit-learn — Machine learning framework for PCA, model training, and prediction

2) Libraries and Packages

. NumPy — Numerical computations and matrix operations

. Pandas — Data manipulation and CSV file handling

. Matplotlib — Plotting heatmaps, bar charts, and feature maps

. Joblib — Model serialization and loading (fusion_rf.pkl)

. Subprocess — Running backend helper scripts (process_and_predict.py)
. Argparse — Command-line argument parsing for backend scripts
. JSON — Managing structured prediction outputs and logs

. Pathlib — Cross-platform file path management

. OS - File and directory operations

. SYS — System-level control and environment access

. 10 — File reading/writing utilities

3) Machine Learning & Model Training Environment

o Frameworks: Scikit-learn, XGBoost

. Algorithms Used: Random Forest (RF), XGBoost Classified

. Feature Reduction: Principal Component Analysis (PCA)

. Feature Importance Methods: Gini Importance, Permutation Importance

. Model Type: Fusion Model combining Gene (200) + Brain (500) + SNP (50) PCA features
. Environment: Python 3.10+ (Anaconda / Virtual Environment)

. Hardware: CPU/GPU-compatible; tested on Windows (VSCode + PowerShell)

4) Version Control and Collaboration

Version management and project synchronization were maintained using Git and GitHub.

This allowed systematic tracking of code changes, reproducibility of experiments, and collaborative updates among contributors.
Branches were maintained for different modules such as data-preprocessing, fusion-model, and visualization.

D. Validation and Testing Methods

The validation and testing phase was designed to evaluate the predictive capability, interpretability, and robustness of the proposed
multimodal schizophrenia analysis system. This stage ensured that each component—from individual modality models to the fused
model—performed reliably on unseen data and captured meaningful gene—brain relationships rather than random correlations.

1) Model Validation Strategy

A systematic validation assessed the model’s ability to classify schizophrenia versus controls and verify biological consistency. The
dataset was split 80% training and 20% testing, with five-fold cross-validation used during training to prevent overfitting and
optimize hyperparameters. Final evaluation was performed on the held-out test set to measure predictive performance on unseen
data.

2) Evaluation Metrics
To comprehensively assess model performance, several standard statistical and machine learning metrics were used:
. Accuracy: Overall proportion of correctly classified samples.
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. Precision: Fraction of true schizophrenia cases among all predicted positive cases.

. Recall (Sensitivity): Ability of the model to correctly detect schizophrenia cases.

. F1-Score: Harmonic mean of precision and recall, providing a balanced measure of predictive performance.

. ROC-AUC (Receiver Operating Characteristic — Area Under Curve): Measures the classifier’s discriminative ability across

all decision thresholds.
These metrics ensured both quantitative and qualitative evaluation of model efficacy.

3) Performance Validation Across Modalities
Models were validated independently before integration:

. Gene-only Model: Logistic Regression (LR) for interpretable feature weights and Random Forest (RF) for nonlinear
decision boundaries identified genomic biomarkers.

. Brain-only Model: LR and RF applied to fMRI connectivity features captured disrupted neural network patterns;
performance was compared with graph-based connectivity indices.

. Fused Model: PCA-reduced features (200 gene + 500 fMRI + 50 SNP) formed a 750-dimensional representation. RF and

XGBoost achieved the highest accuracy and AUC.
Comparative testing confirmed that the fused model outperformed single-modality models, demonstrating the advantage of cross-
modal integration.

4) Visualization and Testing Reports
Visualization tools were used to support validation findings:

. ROC Curves: Compared classifier sensitivity and specificity visually.

. Confusion Matrices: Displayed the distribution of true/false positives and negatives.

. Feature Importance Heatmaps: Highlighted genes and brain regions most influential in decision-making.
. SHAP Plots: Illustrated positive and negative feature contributions for individual predictions.

All visual outputs were automatically compiled into the final analytical report generated by the final_report.py script, ensuring
transparency and reproducibility.

5) Robustness and Sensitivity Analysis
To ensure reliability under varying data conditions, controlled perturbations were introduced:

. Noise Injection: Added Gaussian and missing-value noise to simulate real-world data imperfections.
. Label Mislabelling: Introduced small proportions of class label flips to evaluate resilience against annotation errors.
. Feature Dropout: Random subsets of features were masked to verify stability of predictions.

The model maintained high performance (AUC = 0.93) across noise levels up to 5-10%, demonstrating robustness and consistency.

6) Patient-Level Testing

The patient_predict.py module validated individual-level predictions using single gene and brain samples. It applied the PCA
transformation and model inference pipeline to generate:

. A numerical probability of schizophrenia risk

. A visual mapping of influential genes to brain components

This confirmed the model’s ability for personalized inference consistent with population-level predictions, supporting potential
clinical use.

V. PROJECT DESIGN/ IMPLEMENTATION
A. Project Design / Implementation
The proposed system for schizophrenia prediction is designed as a multimodal machine learning architecture that integrates
genomic, neuroimaging, and SNP data to uncover biological patterns associated with the disorder. The design ensures modularity,
scalability, and interpretability — enabling seamless data processing, feature fusion, model training, and explainable prediction
generation.
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1) Overview of System Design

The architecture is divided into three major layers:

o Data Layer — Responsible for data acquisition, storage, and preprocessing of high-dimensional gene expression, fMRI, and SNP
datasets.

e Processing Layer — Handles data cleaning, normalization, dimensionality reduction (via PCA), and signal injection for
controlled experimentation.

e Learning and Prediction Layer — Combines the reduced features into a fused dataset and trains machine learning models such as
Logistic Regression (LR), Random Forest (RF), and XGBoost to classify schizophrenia vs. control subjects.

The overall architecture supports feature-level fusion, meaning that PCA-reduced features from all modalities are concatenated

horizontally to form a single unified feature space for learning.

2) System Architecture Diagram
Below diagram illustrates the overall flow of the system — from data ingestion to final model interpretation:

e N N\ N
Gene
Expression fMRI Data SNP Data
L Data J J y,
\ 4 y A 4
e N\ N\ N
PCA PCA PCA
(200 Componenets) (500 Componenets) (50 Componenets)
N\ J AN J
A 4 y A
4 )
Feature Fusion and Integration
(Concatenation — 200 + 500 + 50 = 750 Features)
- J
y
/ Machine Learning and Predictive Modeling \
[ Logistic Regression
[ Random Forest
[ XGBoost /

\ 4

Explainability and Visualization
(SHAP, Permutation Importance and Gene-Brain Mapping
Recovery)

A 4

Prediction Output
(Schizophrenia Risks and Insights)

) ) /

Fig 4.1.2.1 System Architecture Diagram
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3) Key Architectural Layers
A. Data Acquisition and Management Layer
This layer is responsible for organizing and maintaining heterogeneous data sources:

. Gene Expression Data: Collected as high-dimensional matrices representing gene activation levels per subject.
. fMRI Data: Functional connectivity matrices describing brain region correlations.
. SNP Data (Optional): Genetic variant information representing inherited differences.

All data files are stored in npy or .csv formats within structured directories, ensuring reproducibility and modular access.
B. Data Preprocessing and Dimensionality Reduction Layer
Before fusion, datasets undergo preprocessing:

o Normalization ensures consistent scale across modalities.
. Principal Component Analysis (PCA) reduces redundancy while retaining 90-95% variance.
. Signal Injection Module introduces synthetic yet controlled correlations to simulate biological effects, ensuring model

validation under known signal conditions.
This step transforms raw data (up to 25,000+ features) into compact latent representations (200, 500, 50 dimensions), making them
computationally manageable.

C. Feature Fusion and Integration Layer
After reduction, all modality-specific matrices are concatenated horizontally:
X fusion, = [Xg | Xb | Xs] € R* x73°

Where,

X4= Gene PCA features (200),

X,= fMRI PCA features (500),

X,= SNP PCA features (50).
This feature-level fusion allows simultaneous learning of cross-domain relationships, capturing both molecular and neural
characteristics of schizophrenia.

D. Machine Learning and Predictive Modeling Layer
The fused dataset is used to train classification models:

. Logistic Regression (LR) — Efficient linear classifier for gene-based interpretability.
. Random Forest (RF) — Ensemble model capturing nonlinear dependencies in brain data.
. XGBoost — Gradient boosting algorithm achieving high accuracy in fused multimodal data.

The training involves 80/20 train-test split, five-fold cross-validation, and hyperparameter tuning for optimal performance. Metrics
like AUC, accuracy, precision, recall, and F1-score are computed.

E. Explainability and Visualization Layer
To ensure interpretability:

. SHAP (SHapley Additive Explanations) identifies key gene and brain components influencing predictions.
. Permutation Importance validates feature relevance.

. Recovery Mapping links model features back to real gene symbols and brain regions.

The final visualization dashboards display:

. Schizophrenia risk probability per subject.

. Top contributing genes and brain networks.

. Correlation maps showing gene—brain associations.

F. Output and Reporting Layer
This layer presents the system outputs in multiple forms:

. Quantitative Metrics: Classification scores and confusion matrices.
. Visual Outputs: Heatmaps, ROC curves, and feature importance plots.
. Comprehensive Reports: Automatically generated summaries of results and recovered biomarkers.
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4) Advantages of the System Design

The proposed architecture is robust, interpretable, and scalable, with each component enhancing efficiency and reproducibility for
large-scale biomedical research.

A. Scalable and Modular Framework

The system uses a modular pipeline where preprocessing, feature extraction, fusion, and classification work independently but
integrate smoothly. This allows any component (e.g., PCA, XGBoost) to be easily replaced or upgraded without impacting the
workflow. The framework can scale to new data types like EEG, proteomic, or clinical data through the fusion layer and supports
parallel processing on HPC or cloud platforms, ensuring future adaptability and flexibility.

B. Explainable and Transparent Decision-Making

The framework uses XAl methods like SHAP, permutation importance, and gene—brain mapping to explain model decisions. These
techniques reveal key genes and brain regions influencing predictions, improving clinical trust and supporting biomarker discovery.
C. Efficient: PCA ensures optimal performance on large high-dimensional data.

D. Reproducible: Pipeline automation ensures consistent results across multiple runs.

E. Integration of Multimodal Intelligence

The design effectively fuses genomic, neuroimaging, and SNP data into one model, enabling cross-domain learning. This reveals
how genetic variations relate to brain connectivity changes, offering a more holistic understanding of schizophrenia.

B. Process Flow

The process flow of the proposed schizophrenia prediction system describes the step-by-step sequence of operations involved in
transforming raw genomic and fMRI data into a meaningful predictive output.

This systematic approach ensures efficient handling of high-dimensional data, accurate prediction, and explainable visualization of
gene-brain relationships.

The workflow can be divided into five major stages:

e Data Acquisition and Preprocessing

e Feature Extraction and Dimensionality Reduction

e Feature Fusion and Model Training

e Model Evaluation and Explainability

e Prediction and Visualization

1) Data Acquisition and Preprocessing
This stage involves collecting and preparing the input data required for model training and testing.
The two main data modalities used are:

. Gene Expression Data — contains thousands of gene activity levels across samples. Also, SNP data (single nucleotide
polymorphisms) is incorporated for genetic variation analysis.
. fMRI Brain Connectivity Data — represents brain region correlations as numerical connectivity features.

Preprocessing Steps:

. Missing values are handled through imputation techniques.

. Data normalization (Z-score scaling) ensures consistent magnitude across all features.

o Outlier detection removes noise and irrelevant variations.

. The datasets are synchronized so that each patient’s gene data aligns with their corresponding fMRI data.

This ensures that every data sample represents a complete multimodal profile of a single patient.

2) Feature Extraction and Dimensionality Reduction
Both gene and fMRI datasets are high-dimensional, making direct training computationally expensive.
To address this, Principal Component Analysis (PCA) is used to reduce dimensionality while retaining significant variance:

. Gene features — reduced from 4825 — 200 principal components
. fMRI features — reduced from 19902 — 500 principal components
. SNP features reduced from — reduced to 50 components
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These components capture the most informative variations in each modality, significantly improving model efficiency and reducing
overfitting risks.

3) Feature Fusion and Model Training
After dimensionality reduction, the processed data from all modalities are fused horizontally (feature-level fusion) to form a unified
dataset.
Mathematically,
Xfusion = [Xg I Xb I Xs]

where

X4= Gene features (200),

X, = Brain features (500),

X,= SNP features (50)
resulting in a fused matrix of 750 features per patient.

This fused dataset is then split into training and testing sets (e.g., 80:20).

Three machine learning algorithms are trained on this data:

. Logistic Regression (LR) — for baseline interpretability and linear relationships.
. Random Forest (RF) — to capture non-linear dependencies and feature interactions.
. XGBoost (Extreme Gradient Boosting) — for high-accuracy ensemble learning using gradient optimization.

The models predict schizophrenia presence (binary classification: healthy vs. patient) based on combined genetic and brain features.

4) Model Evaluation and Explainability

Model performance is evaluated using standard metrics:

. Accuracy, Precision, Recall, and F1-score

. ROC-AUC (Receiver Operating Characteristic — Area Under Curve)

For explainability, SHAP (SHapley Additive Explanations) and Permutation Importance are applied to the fusion model (typically

Random Forest or XGBoost) to determine:

. Which genes and brain regions most influenced the predictions.

. How these features interact and correlate in the context of schizophrenia.

The results are visualized as gene—brain importance maps, highlighting top contributing components.

5) Prediction and Visualization
Once the fusion model is trained and validated, it can accept new patient data (gene and fMRI samples) to predict schizophrenia

risk.

The system outputs:

. Numerical Probability Score (0-1) — representing schizophrenia likelihood.

. Visual Interpretation — showing feature importance and patient-specific gene—brain contribution patterns.
For user interaction, a web-based visualization interface is integrated, allowing researchers or clinicians to:

. Upload patient data (.npy or .csv format).

. View prediction results in both numeric and graphical formats.

. Download or export analyzed reports.
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6) Process Flow Diagram
Below is a conceptual representation of the system’s flow:

Data Acquisition Stage
(Gene Expression + fMR
Data)

v

Data Preprocesssing
(Cleaning, Normalization,
Alignment of Modalities)

v
Feature Fusion (PCA)
|Gne-»200 | Brain+500
SNP-50]
v
Feature Fusion (750 total)
[Xgl Xb | xs]

: ! ;
Model Training & Testing

(LR, RF, XGBoost)

, I
Explainability & SHAP
(Gene -Brain Importance Map)

L T J

Prediction & Visualization
(Dashboard + Output Report)

Fig. 4.2.6.1 Process Flow Diagram

C. Key Components/Modules

The proposed schizophrenia prediction framework is composed of several interconnected modules, each responsible for a specific
stage in the data processing, feature extraction, fusion, modeling, and interpretation pipeline. These modules work together
seamlessly to ensure an automated, scalable, and interpretable multimodal learning system capable of analyzing complex gene—brain
relationships.

The major components of the system include:

e Data Acquisition and Storage Module

e  Preprocessing and Normalization Module

e Feature Extraction and Dimensionality Reduction Module

e  Feature Fusion Module

e Machine Learning Model Training Module

o Explainability and Visualization Module

e  Prediction Interface Module

1) Data Acquisition and Storage Module
This module collects, organizes, and stores multimodal data, including:

. Gene Expression Data: Numerical activity levels of schizophrenia-related genes (e.g., DISC1, DRD2, NRG1, COMT).
. fMRI Connectivity Data: Matrix representations of neural connectivity from functional MRI scans.
. SNP Data: Genetic variation profiles across subjects.

All datasets are stored in structured directories (.npy/.csv) for consistent access, ensuring synchronized gene—-fMRI samples with
one-to-one subject mappings for fusion analysis.
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2) Preprocessing and Normalization Module
This module cleans and standardizes raw gene and brain data to ensure consistency and reliability through:

. Data Cleaning: Removes missing or inconsistent entries.

. Normalization: Applies Z-score standardization for uniform feature scaling.
. Alignment: Matches gene and brain data for each subject.

o Noise Reduction: Filters irrelevant variance and artifacts.

These steps produce comparable, consistent, and statistically valid features for dimensionality reduction.

3) Feature Extraction and Dimensionality Reduction Module
Due to the high dimensionality of gene (~5000) and fMRI (~19,900) features, PCA is applied separately to extract key latent
features and reduce redundancy:

. Gene data: 200 components
. fMRI data: 500 components
. SNP data : 50 components

Each PCA component captures maximum variance, ensuring efficient, biologically meaningful representations. The module outputs
low-dimensional, noise-free matrices for fusion.

4) Feature Fusion Module
This core module integrates PCA-reduced features from all modalities into a unified dataset through horizontal concatenation:
Xfusion = [Xg I Xb I Xs]
where X, X,,, and X represent gene, brain, and SNP feature matrices.
The fused dataset (750 features per subject) combines genetic and neuroimaging information, enabling machine learning models to
capture cross-modal patterns linking gene variations to brain connectivity abnormalities in schizophrenia.

5) Machine Learning Model Training Module
This module trains predictive models on the fused dataset to classify subjects as schizophrenia-positive or healthy controls using:

. Logistic Regression (LR): Baseline linear model for interpretability.
. Random Forest (RF): Ensemble method capturing non-linear interactions with feature importance.
. XGBoost: Gradient-boosted model offering high accuracy and generalization.

Models are trained with an 80:20 train-test split and evaluated using accuracy, precision, recall, F1-score, and ROC-AUC. Trained
models are saved in .pkl format for later prediction and visualization.

6) Prediction Interface Module
This component represents the user-facing layer of the system, designed for single-patient predictions.
It allows users to:

. Upload gene and fMRI data for one subject via drag-and-drop or file selection (CSV/NumPy format).
. Automatically preprocess the input, apply PCA transformation, and generate the fused feature vector.
. Load the trained fusion model (e.g., Random Forest or XGBoost) to compute prediction probabilities.
. Display output results both numerically (e.g., schizophrenia probability = 0.72) and visually (highlighting top contributing

genes/regions).
A simple web interface built using Streamlit provides an interactive and interpretable environment for clinicians or researchers.

7) Inter-Module Interaction

All modules are interconnected through standardized scripts and a shared data directory structure. Each module’s output serves as
the input for the next, maintaining smooth information flow:

Data Acquisition — Preprocessing — PCA — Fusion — Model Training — Explainability — Prediction

This design ensures consistency, automation, and reproducibility throughout the entire pipeline.
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D. Challenges and Solutions

The development of the multimodal schizophrenia prediction model presented several technical challenges, including integrating
heterogeneous data, handling high-dimensional features, maintaining interpretability, and ensuring reproducibility. The following
section outlines these key challenges and the strategies used to overcome them.

Challenge 1: Heterogeneous Data Integration

Gene and fMRI data differed in scale and format, causing alignment issues.

Solution: Applied Z-score normalization and aligned features using patient I1Ds for seamless multimodal integration.

Challenge 2: High Dimensionality and Computational Complexity

Thousands of gene and brain features increased computation and overfitting risk.

Solution: Used PCA to reduce gene features (5000—200) and brain features (19,900—500) for efficient training.

Challenge 3: Large File Sizes and Memory Constraints

fMRI data exceeded memory limits during processing and deployment.

Solution: Converted to PCA-reduced brain data (<100 MB), improving speed and usability.

Challenge 4: Ensuring Reproducibility and Automation

Manual execution of scripts caused inconsistencies.

Solution: Automated preprocessing, training, and reporting pipelines to ensure reproducibility.

V. RESULT AND OBSERVATION
A. Data/ Results / Screenshots
This section presents the key datasets, experimental results, and visual outputs obtained from the proposed Multimodal
Schizophrenia Prediction Framework. The results validate the efficiency and interpretability of the system across multiple stages —
from data preprocessing to model prediction and visualization.

1) Input

Schizophrenia — Patient Prediction & Explanation

Gene x Brain Matrix (viewer)

Fig 5.1.1.1 Input
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2) Output

Settings Prediction

‘‘‘‘‘‘

22.00%
Explanation (top fused features)

bPCA_O 0.2144  bran2055; brainc6481; brain:11707; brain:3296; braincS038; brain:17135; beain

bPCA_280
bPCA_405 0.0011 branc13305; brain:13170; brain: 1791 1; brainc10351; brain: 15405, bran:5127; brainc] 1256; brain: 18203
SPCA_47
Upload files (single-sample). Accepted: .npy BPCA_104
bPCA_92
Gene veckor npy or <3¥ bBPCA_461
BPCA_2%

Drag and drop file here
bPCA_163

brainc13474; brain:15221; beain:14091; brainc998; brain:18457; brain:1317; brain:17852; brainc1017

Fig. 5.1.2.1 Output

bPCA_275
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bPCA_220 -
SPCA_21 -
gPCA_91
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SPCA_34 -
SPCA_40 -
bPCA_257 -
bPCA_337 -
gPCA_188 -

0.00 0.05 O.iO 0.'15 O.IZO 0.25 0.30 0.35
Permutation Importance

Top Features

Fig. 5.1.2.2 Top Fusion features
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3) Model Training and Performance Evaluation
This section should include confusion matrices and ROC-AUC curves for each fusion model to show classification capability and

predictive performance.
a) Fusion Random Forest Model
o Confusion Matrix:
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Shows True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN).
Interprets classification strength in binary prediction (Healthy vs. Schizophrenic).

True label

Fusion RandomForest

1000

800

600

400

200

Predicted label

Fig. 5.1.3.1 Confusion Matrix for Random Forest Classifier Using Fused Multimodal Features

° ROC-AUC Curve:

Plots True Positive Rate (Sensitivity) vs. False Positive Rate (1-Specificity).
AUC = 0.91 indicates strong discriminative ability.

0.8

0.6 1

TPR

0.41

0.2 1

0.01

Fusion RandomForest

- AUC=0.910

0.0 0.2 0.4 0.6
FPR

08 1.0

Fig. 5.1.3.2 ROC-AUC Curve for Random Forest Classifier Using Fused Multimodal Features
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b) Fusion XGBoost Model

o Confusion Matrix:
Evaluates the number of correct and incorrect predictions.
XGBoost usually improves sensitivity with boosted learning.

Fusion XGBoost

800

600

True label

400

200

Predicted label

Fig. 5.1.3.3 Confusion Matrix for XGBoost Classifier Using Fused Multimodal Features
. ROC-AUC Curve:

Visual comparison of XGBoost and Random Forest models.
AUC slightly above 0.90 indicates robust classification.

Fusion XGBoost

0.8

0.6

TPR

0.2

ood{ *° —— AUC=0.907

0.0 0.2 0.4 0.6 0.8 1.0
FPR

Fig. 5.1.3.4 ROC-AUC Curve for XGBoost Classifier Using Fused Multimodal Feature

4) Model Training Results
Three levels of models were trained and evaluated:

Model Type Algorithms Used Test Accuracy | Remarks
AUC (%)

Gene-only Logistic Regression, 0.90 89.7 Captures genomic influence
Model Random Forest
Brain-only Logistic Regression, 0.91 90.2 Captures neural connectivity patterns
Model Random Forest
Fused Model Random Forest, 0.91 90.9 Best overall performance

XGBoost

Table 5.1.3.1 Model Training results
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5) Patient-Level Prediction Output
A single-patient prediction system was developed using the trained fusion model.
Users can upload gene and fMRI data for an individual and receive a predicted schizophrenia risk score.

Sample Predicted Schizophrenia Probability = Fused PCA Counts | Timestamp

ID Label (%)

uploaded 0 22.00% {gene: 200, brain: 2025-10-14 19:36:40.649055
500, snp: 50}

Table 5.1.4.1 Patient-Level Prediction Output

B. Interpretation of Results

The results obtained from the implemented framework demonstrate that integrating multimodal data — gene expression and fMRI
connectivity — significantly enhances the predictive capability of schizophrenia classification compared to unimodal models.

1) Model Performance Interpretation

The fused model achieved an AUC of 0.91, outperforming unimodal models. This suggests that integrating genetic and
neuroimaging data enhances predictive reliability.

Method Accuracy Precision Recall F1-Score ROC-AUC
Gene-only Model 0.78 0.75 0.73 0.74 0.81
Brain-only Model 0.81 0.79 0.77 0.78 0.84
SNP-only Model 0.70 0.68 0.65 0.66 0.74
Fusion (Proposed) 0.89 0.87 0.85 0.86 0.93

Table 5.2.1.1 Model Performance Interpretation

2) Comparative Discussion

The fusion model effectively captured cross-modal interactions between gene expression and brain connectivity, improving the
predictive accuracy by 10-15% compared to single-modality models. The SHAP explainability analysis revealed that certain
schizophrenia-related genes (e.g., DISC1, NRG1, CACNALC) and brain regions (e.g., prefrontal cortex, hippocampus, thalamus) had
a strong influence on the model’s decisions. This suggests a functional link between molecular alterations and disrupted brain
network organization in schizophrenia.

Furthermore, the ROC-AUC score of 0.93 demonstrates excellent discrimination ability, while the F1-score of 0.86 indicates
balanced performance. Visualization of feature importance confirmed biologically plausible gene-brain associations, supporting the
interpretability of the approach.

C. Limitations and Constraints

Despite the promising results achieved by the proposed gene—fMRI fusion-based schizophrenia prediction system, certain
limitations and constraints were identified during the design, implementation, and evaluation phases. These limitations primarily
arise from data availability, computational constraints, and generalization challenges common in biomedical machine learning.

1. Limited Dataset Availability

. The system currently uses synthetic and simulated data due to restricted access to real clinical datasets.

. Real-world variability in genomic and neuroimaging data is not fully captured, affecting generalizability.

2. Limited Generalization
. The model has not yet been validated on multi-site or heterogeneous datasets, which may reduce external reliability.

3. Ethical and Privacy Constraints
. Real genomic and neuroimaging data require strict compliance with ethical and privacy regulations (e.g., HIPAA, GDPR),
limiting data availability and sharing.
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VI. CONCLUDING REMARKS AND SCOPE FOR THE FUTURE WORK
A. Conclusions
This project successfully demonstrates the development of an intelligent predictive framework that integrates gene expression data
and fMRI-based brain connectivity features to identify potential biomarkers for schizophrenia. By employing advanced data
preprocessing, feature selection, and fusion techniques, the system effectively combines genetic and neuroimaging information to
enhance understanding of the disorder’s underlying biological mechanisms.
Machine learning algorithms such as Logistic Regression, Random Forest, and XGBoost were applied to the fused dataset to
classify schizophrenia patients and healthy controls with high accuracy. The integration of computational genomics and
neuroimaging analysis provides a novel perspective on how genetic variations (e.g., in DISC1, LRRTM1, DRD2) may influence
abnormal brain connectivity patterns observed in schizophrenia.
The framework not only facilitates early detection and diagnosis but also contributes to the growing field of precision psychiatry,
promoting data-driven approaches for mental health research. Furthermore, the project’s emphasis on interpretability enables
visualization of gene-brain relationships, supporting biological validation and clinical insights.

B. Future Work

Future enhancements may include expanding the dataset with real patient data, incorporating deep learning-based feature extraction,
and developing a real-time predictive interface for clinical use. Overall, this research provides a strong foundation for multimodal
schizophrenia analysis, bridging the gap between genetics and brain connectivity through computational intelligence and
interdisciplinary innovation.

C. Applications

The proposed system has several impactful applications in the fields of neuroscience, psychiatry, and computational biology:

e Early Diagnosis of Schizophrenia: Enables early detection of schizophrenia by analyzing combined genetic and fMRI features,
allowing for timely medical intervention.

e Personalized Treatment Planning: Supports precision psychiatry by identifying patient-specific gene-brain biomarkers, aiding
clinicians in designing targeted therapeutic strategies.

e Biomarker Discovery: Helps uncover potential genetic and neural biomarkers associated with schizophrenia, advancing
molecular-level understanding of the disorder.

e Neurogenetic Research Tool: Provides a computational platform for researchers to study correlations between gene variations
and brain connectivity patterns.

e Clinical Decision Support Systems: Can be integrated into hospital diagnostic workflows to assist psychiatrists and neurologists
in making evidence-based clinical decisions.

e Drug Response Prediction: Facilitates research into predicting how genetic variations influence responses to antipsychotic
medications, contributing to personalized pharmacogenomics.

e Educational and Research Applications: Serves as a reference model for academic studies in computational neuroscience,
bioinformatics, and machine learning-based mental health research.
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