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Abstract

Accurate segmentation and detection in neuroimaging is essential for advancing clinical un-
derstanding and the diagnosis of schizophrenia. This thesis introduces Boundary-Refined
Attention Network (BoRefAttnNet), a novel boundary-refined 3D U-Net variant specifi-
cally designed for precise segmentation of subcortical brain structures from structural mag-
netic resonance imaging (sMRI). BoRefAttnNet incorporates multi-scale boundary atten-
tion modules that explicitly highlight anatomically critical edges while suppressing back-
ground noise, significantly improving segmentation accuracy for small or complex anatom-
ical structures. Evaluations using FastSurfer-processed sMRI data from the publicly avail-
able Centre for Biomedical Research Excellence (COBRE) dataset demonstrate that BoRe-
fAttnNet significantly outperforms conventional 3D U-Net baselines in accurately delineat-
ing key subcortical structures, including the hippocampus, amygdala, and basal ganglia.
Building upon this enhanced segmentation capability, we further experiment with a
Dynamic Spatial-Temporal Transformer Model (DySTTM) to detect schizophrenia by in-
tegrating structural and functional MRI (fMRI) modalities. The DySTTM leverages spatial
attention to capture anatomical interdependencies from segmented SMRI data and tempo-
ral attention to model dynamic brain connectivity patterns from resting-state fMRI. Ex-
perimental results indicate that the integration of these multimodal imaging features using
DySTTM provides superior diagnostic accuracy and interpretability compared to estab-

lished models such as 3D ResNet and XGBoost classifiers.
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Chapter 1

Introduction

1.1 Background and Motivation

Recent advances in computational methodologies, particularly deep learning, computer
vision, and medical imaging, have significantly enhanced diagnostic accuracy and clini-
cal decision-making processes. Deep learning, a subset of machine learning inspired by
neural structures in biological brains, leverages hierarchical artificial neural networks to
automatically extract intricate features from complex data [1]. Techniques such as convo-
lutional neural networks (CNNs) have excelled in tasks involving image and video data,
notably object recognition and medical image segmentation [3, 60]. Graph neural networks
(GNNs) have also emerged, demonstrating remarkable capabilities in capturing relational
and structural information inherent in brain connectivity and functional imaging data [14].
Transformer architectures, initially introduced for natural language processing, have further
revolutionized deep learning by effectively modeling long-range dependencies and contex-
tual interactions, making them highly suitable for complex tasks such as medical image
analysis and disease detection [12, 14].

Despite these advancements, considerable challenges remain unresolved within med-
ical imaging, particularly concerning brain Magnetic Resonance Imaging (MRI). Brain
MRI data poses unique computational hurdles, including high dimensionality, significant
inter-subject variability, subtle pathological features, and typically low signal-to-noise ra-
tios [3, 34]. These complexities necessitate sophisticated machine learning frameworks

capable of extracting nuanced, clinically relevant insights while ensuring robustness and
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generalizability across diverse patient populations [31, 8].

Schizophrenia, a complex psychiatric disorder characterized by subtle yet distinctive
structural and functional brain abnormalities, exemplifies these computational challenges
[2, 8]. Accurate automated detection and diagnosis require advanced computational meth-
ods capable of integrating multimodal imaging data—combining structural MRI (sMRI)
and functional MRI (fMRI)—to capture comprehensive insights into schizophrenia pathol-
ogy [8]. This thesis introduces computational methods, specifically Transformer-based ar-
chitectures and attention mechanisms, explicitly tailored to the spatial-temporal integration
of multimodal MRI data. These methods significantly enhance diagnostic accuracy, ro-
bustness, and interpretability, addressing critical gaps left by conventional methodologies

[12, 14].

1.2 Problem Statement

Automated computational detection of schizophrenia is hindered by:

* Segmentation Precision: Current methodologies struggle to accurately segment brain
structures due to anatomical variability and complex spatial boundaries inherent in

MRI data.

* Multimodal Integration Complexity: Existing methods inadequately integrate struc-
tural MRI with dynamic functional MRI, limiting their ability to capture comprehen-

sive biomarkers.

This thesis addresses these challenges by developing and validating sophisticated, in-
terpretable computational models specifically optimized for multimodal schizophrenia de-

tection.
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1.3 Research Objectives and Contributions

This thesis substantially contributes to computational medical imaging and schizophre-
nia research by introducing an innovative Segmentation-based computational model for
precise brain Magnetic Resonance Imaging segmentation, experimenting on a robust frame-
work for the integration of structural and functional MRI using advanced attention mecha-
nisms with the aim of demonstrating superior detection performance and robustness com-
pared to existing computational techniques.

Further, this thesis shows promise in enriching the computational tools available to
clinicians, significantly advancing diagnostic precision and interpretability in schizophrenia

research. Succinctly, the objectives are:

1. Develop precise boundary-aware segmentation methods for anatomical brain regions

using structural MRIL.

2. Experiment using Transformer-based computational models capable of integrating

spatial-temporal features derived from structural and functional MRI.

3. Validate these methodologies rigorously against current state-of-the-art computational

benchmarks.

1.4 Overview of Methodology

To address these objectives, this research employs a structured computational approach

encompassing several interconnected stages:

* Data Preparation and Preprocessing: Preprocessing methods include skull strip-
ping, normalization, artifact correction, registration, and alignment of multimodal

datasets for consistency.

* Advanced Segmentation Techniques: A novel Boundary-refined attention segmen-
tation network, BoRefAttnNet, was developed to accurately delineate anatomical

boundaries within structural MRI.
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* Dynamic Spatial-Temporal Transformer Model: A dual-stream Transformer ar-
chitecture that integrates segmented structural MRI features with functional MRI
time-series data was employed, capturing both spatial and temporal schizophrenia

biomarkers.

1.5 Thesis Outline

This thesis is organized into seven chapters. Chapter 1 introduces the research problem,
outlining the motivation, objectives, and overall contributions of this work.

Chapter 2 provides the necessary background, presenting key concepts in schizophre-
nia, neuroimaging techniques, and computational methods such as neural networks, deep
learning, and transformers. Chapter 3 then surveys related works, offering a comprehensive
review of existing literature on computational methods in schizophrenia neuroimaging and
identifying critical research gaps.

Chapter 4 details our first methodological contribution, the BoRefAttnNet framework, a
boundary-refined segmentation approach designed to improve precision in delineating com-
plex brain structures. This chapter also includes comparative experiments against bench-
mark architectures.

In Chapter 5, we present the Dynamic Spatial-Temporal Transformer Model, which
integrates multimodal MRI data for schizophrenia investigation. We demonstrate its effec-
tiveness through experiments, reporting both quantitative results and statistical validation.

Finally, Chapter 6 discusses the implications of our findings, summarizes the key con-

tributions of the thesis, and outlines promising directions for future research.



Chapter 2

Background

This chapter provides a structured overview emphasizing the role of computational artificial
intelligence (Al), particularly deep learning, in enhancing schizophrenia research through
medical imaging. We discuss schizophrenia, explain relevant medical imaging techniques,
and review essential computational approaches, explicitly focusing on deep learning and
transformers. We conclude by summarizing existing approaches and positioning this re-
search within the broader landscape of computational methods in schizophrenic investiga-

tion.

2.1 Computational Artificial Intelligence
2.1.1 Neural Networks

Artificial neural networks (ANNs) are computational models inspired by biological neu-
ral systems found in living organisms. As outlined by Aggarwal [1], these networks simu-
late biological mechanisms by employing interconnected computational units referred to as
neurons. Unlike biological neurons connected via axons and dendrites through synapses,
artificial neurons connect through weighted links that mimic synaptic strengths. In artifi-
cial neural networks, each computational neuron as illustrated in Figure 2.1, receives inputs
scaled by weights, influencing the neuron’s output through mathematical operations. The
computed values propagate from input neurons through hidden layers, eventually reach-
ing output neurons, allowing the network to produce predictions or classifications based on

input data.
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A s

i SCALAR WEIGHTS ON CONNECTIONS

Figure 2.1: Typical architecture of a multi-layer neural network illustrating scalar weights
on connections between input, hidden, and output layers (Adapted from Aggarwal [1]).

Learning Mechanism

Learning in neural networks involves adjusting connection weights based on input-
output training examples. Each training instance contains input data (features) and corre-
sponding desired outputs (labels). During training, prediction errors (differences between
actual and predicted outputs) guide the iterative refinement of weights to minimize these
errors. This training paradigm enables neural networks to achieve high performance in
diverse tasks such as classification, regression, and complex pattern recognition [1].

The effectiveness of neural networks primarily lies in their ability to generalize, accu-
rately predicting outcomes for unseen data, having only learned from defined training data.
This property, known as model generalization, is a cornerstone of their broad applicability
and practical utility.

Aggarwal [1] emphasizes that neural networks can be viewed as computational graphs,
where nodes represent neurons or computation units, and edges represent weighted connec-
tions. This graph structure facilitates understanding, visualizing, and implementing neural
network computations systematically. Each node performs simple operations, and the over-
all complexity and learning capacity emerge from the structured interactions of these ele-

mentary units.
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Mathematical Formulation
According to Aggarwal [1], neural networks aim to learn a predictive function f(-) from
input data X to outputs y:

y = f(X) (2.1)

where W represents the learned weights of the network. The training process involves

optimizing the weights to minimize a defined loss function, typically represented as:
min loss(y, fiy (X)) (2.2)
W

Activation Functions
Activation functions introduce non-linearities into neural networks, enabling them to

model complex relationships. Common activation functions include Sigmoid [61], Tanh

[43], and ReLU [49, 70]

« o(v) = ﬁ, derivative: 6(v)(1 —c(v))

* tanh(v) = Ez;} , derivative: 1 — tanh?(v)

* ReLU(v) = max(v,0), derivative: 1 for v > 0, else 0

These functions enable neural networks to learn more sophisticated representations and
decision boundaries than linear models [1]. Also, common loss functions such as mean
squared error for regression problems and cross-entropy loss for classification tasks, guide

learning towards optimal predictive accuracy.

2.1.2 Deep Learning
Deep learning, a sophisticated branch of machine learning, extends classical neural net-
works by introducing deeper, more complex hierarchical architectures that excel at auto-

mated feature extraction and representation learning.
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Deep neural networks (DNNs), by virtue of their multiple layers, have the capacity to
learn increasingly abstract representations of data. This property is most evident in struc-
tured data domains such as images and language, where architectures like Convolutional
Neural Networks (CNNs) or Transformers explicitly exploit hierarchical feature learning.
However, in general DNNs, the degree of hierarchy in learned features may vary depend-
ing on architecture and application. Each subsequent layer extracts increasingly abstract
features, significantly enhancing the network’s capacity to capture intricate data structures
[1].

A Convolutional neural network (CNN), detailed by Aggarwal [1] in Figure 2.2, exem-
plifies such architecture, it illustrates the basic structure of one of the earliest convolutional
neural networks. The network begins with a grayscale input image of size 32x32 pixels
which passes through the first convolutional layer (C1), and then applies six 5x5 filters
to produce six 28x28 feature maps. A subsampling (S2) or average pooling layer then
reduces each feature map to 14x14, stabilizing feature extraction while lowering computa-
tional cost. The next convolutional layer (C3) increases the number of feature maps to 16,
followed again by a subsampling layer (S4) that reduces the resolution to 5x5. At this stage,
the network transitions into a fully connected structure: layer C5 (with 120 units), followed
by layer F6 (84 units), and finally an output layer (O) with 10 neurons corresponding to
class predictions.

Notably, subsampling layers in the original LeNet-5 used average pooling with trainable
weights and biases — a design choice that differs from modern CNNs, which typically
use max-pooling. Activation functions (sigmoid in the original) were applied after each

convolution and subsampling stage but are not shown explicitly in Aggarwal’s diagram.

Patch-Based Training
Patch-based training has become indispensable in medical image segmentation tasks

due to limited GPU memory and the necessity to learn detailed local features. Instead
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Figure 2.2: Detail architectural representation of a convolutional neural network illustrating
subsampling layers (Adapted from Aggarwal [1]).

of processing entire images simultaneously, this method addresses the GPU memory con-
straints of 3D medical image segmentation by dividing volumetric scans into smaller sub-
volumes (patches). These patches are individually processed by the network, enabling de-
tailed learning of local features while keeping memory usage feasible. After inference, the
predictions from patches are reassembled to reconstruct the segmentation of the full image.
Proper choice of patch size and sampling strategy is essential to preserve spatial context
and ensure accurate delineation of anatomical structures.

This approach was notably employed in the MICCAI 2013 Grand Challenge for brain
tumor segmentation, demonstrating superior performance compared to whole-image method-
ologies [44, 15]. However, careful optimization of patch size and sampling strategy is re-

quired to preserve contextual information critical for accurate segmentation.

Batch Normalization
Batch normalization stabilizes and accelerates the training of deep neural networks
(DNNs) by normalizing inputs to layers, significantly reducing internal covariate shift.

Given a layer’s inputs x;, batch normalization computes normalized outputs y; as follows:

x-_
’—‘UB_{_B

Yi=Y
\/O%+€

where, up and 0% are the mean and variance of the mini-batch, respectively, while y and

B are learnable parameters enabling the model to adaptively scale and shift normalized
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outputs [35, 4]. Batch normalization has been shown to effectively mitigate the vanishing
gradient problem, which arises during backpropagation in deep networks when gradients
are repeatedly multiplied by small values across many layers (particularly with sigmoid or
tanh activations). As a result, the gradient can shrink to near zero in earlier layers, prevent-
ing their weights from being updated and hindering learning. By stabilizing these gradients,
batch normalization facilitates faster convergence and improves the generalization ability

of deep models [1].

Adam Optimizer

The Adaptive Moment Estimation (Adam) optimizer [40] is particularly effective in
handling sparse gradients, a situation where most gradient values are zero (or near zero)
and only a few are non-zero. Such sparsity commonly arises in models with sparse inputs
such as one-hot encoded text or when regularization methods like L1 encourage sparsity. In
these cases, only a small subset of weights receive updates during training. Adam addresses
this challenge by adaptively scaling the learning rate for each parameter, using estimates of
both the first and second moments of the gradients. This ensures that even sparse and
irregular updates are applied effectively, leading to more stable and efficient training. The

weight updates for Adam are expressed as:

A

vV V[ +€

where 71, and ¥, are bias-corrected estimates of the first and second gradient moments,
respectively [1]. While Adam has shown substantial benefits in accelerating convergence,
its standard form can sometimes generalize poorly compared to classical stochastic gradient
descent. Improved variants, such as Normalized Direction-preserving Adam (ND-Adam),

address these issues, enhancing both convergence and generalization [76, 5].

10
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ReLU Activation

The Rectified Linear Unit (ReLLU) activation function, defined as:

ReLU(x) = max(0,x)

has gained popularity due to its computational simplicity and effectiveness in avoiding van-
ishing gradient issues common with sigmoid and hyperbolic tangent functions. It intro-
duces sparsity by activating neurons selectively, enhancing training efficiency and conver-
gence [49, 70]. Despite these advantages, standard ReLLU activations may suffer from dying
ReL.U issues, where neurons permanently deactivate. Variants such as Leaky ReLU [20]
and Parametric ReLU (PReLU) [30] mitigate these concerns by maintaining neuron activity

for negative inputs.

2.1.3 Transformer Models

Transformer models have emerged as a powerful architecture in machine learning, ini-
tially proposed to address limitations in capturing long-range dependencies inherent in se-
quence data. Originally introduced by Vaswani et al. [68] for Natural Language Processing
(NLP), Transformers have since been adapted and extensively utilized in Computer Vision,
significantly enhancing the ability to model complex spatial relationships in images and
videos [1]. The key innovation of Transformer models is the self-attention mechanism,
which allows the model to dynamically weigh the importance of input data points rela-
tive to each other. Unlike traditional Convolutional Neural Networks (CNNs), which apply
localized receptive fields, Transformers can model global dependencies across the entire

input space.

Transformers in Computer Vision
Transformers have been successfully adapted from NLP to computer vision tasks through

models like Vision Transformer (ViT), introduced by Dosovitskiy et al. [19]. Instead of pro-

11
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cessing pixels directly, ViT divides images into fixed-size patches, embedding these patches
into vectors processed by Transformer blocks. This enables the model to capture complex
spatial relations and global context within visual data, overcoming limitations inherent to

CNN architectures such as restricted receptive fields and limited global context awareness

[1].

2.2 Clinical and Imaging Context for Deep Learning in Schizophrenia
2.2.1 Schizophrenia

Schizophrenia is a chronic and severe psychiatric disorder characterized by fundamental
distortions in thinking, perception, emotion, and behavior [58]. Typically emerging in late
adolescence or early adulthood, schizophrenia features episodes of psychosis—manifested
by delusions and hallucinations—alongside persistent impairments in social and occupa-
tional functioning.

Clinically, schizophrenic symptoms are grouped into three domains: positive symptoms
(such as delusions, hallucinations, disorganized speech, and behavior), negative symptoms
(including diminished emotional expression, alogia, avolition, anhedonia, and social with-
drawal), and cognitive symptoms (notably deficits in attention, working memory, executive
functioning, and processing speed). These cognitive impairments often precede psychotic
episodes and significantly influence long-term functional outcomes, highlighting the com-

plexity and pervasive impact of the disorder [58, 45].

2.2.2 Basic Concepts in Medical Imaging

Medical imaging, specifically Magnetic Resonance Imaging (MRI), provides essential
data used to analyze anatomical and functional properties of the brain, serving as critical
inputs for computational analyses, particularly in the context of schizophrenic research.
Understanding fundamental concepts of MRI image acquisition, preprocessing, and seg-

mentation techniques is crucial for effectively utilizing these images in machine learning

12
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and deep learning workflows.

MRI is a non-invasive imaging modality widely utilized in neuroscience research due
to its superior soft tissue contrast, high spatial resolution, and functional imaging capabili-
ties. MRI generates images based on the nuclear magnetic resonance (NMR) properties of
hydrogen nuclei in biological tissues, primarily influenced by relaxation times (T1, T2) and
proton density.

MRI involves placing the subject within a strong magnetic field, causing hydrogen pro-
tons in the body’s water molecules to align with this field. Radiofrequency (RF) pulses
disturb this alignment, and as protons return to equilibrium, they emit signals detected by
MRI scanners. Differences in proton relaxation times and densities among various tissues
produce distinct image contrasts. Two primary relaxation processes, T1 (longitudinal re-

laxation) and T2 (transverse relaxation), form the basis of different MRI image contrasts.

Pulse Sequences: T1-weighted, T2-weighted, FLAIR

MRI pulse sequences are used to highlight different tissue characteristics:

* T1-weighted images (T1w): Provide clear anatomical details by emphasizing dif-
ferences in longitudinal relaxation times (the time it takes protons to realign with the
main magnetic field after excitation). T1w images are extensively used to study brain
morphology, structural abnormalities, and tissue volumes in schizophrenia analysis

[69].

» T2-weighted images (T2w): Emphasize differences in transverse relaxation times
(the time it takes protons to lose phase coherence in the transverse plane, leading to
signal decay), highlighting pathological tissues with increased water content. T2w
images are commonly used for clinical assessment of lesions and tissue abnormali-

ties.

* FLAIR (Fluid-Attenuated Inversion Recovery): Suppresses cerebrospinal fluid

(CSF) signals, enhancing visualization of pathological lesions such as demyelina-

13
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tion and subtle cortical abnormalities, which are useful in the analysis of psychiatric

conditions and their neuroanatomical correlates.

Spatial Resolution and Voxel Considerations

MRI images are represented in three-dimensional grids of volume elements known as
voxels. Spatial resolution, defined by voxel size, critically affects the accuracy and detail of
MRI analysis. Higher resolution images (smaller voxels) provide greater anatomical detail
but increase acquisition time and computational resources required for processing. Con-
versely, lower resolution (larger voxels) images reduce computational demands and imag-
ing time but may miss subtle structural details important in identifying fine-grained patho-
logical changes, particularly relevant in schizophrenia imaging studies. Thus, choosing
appropriate voxel dimensions is essential to balance computational feasibility with clinical

diagnostic requirements [3].

2.2.3 Neuroimaging Techniques

Neuroimaging encompasses multiple modalities that provide complementary views of
brain structure and function, which are crucial for computational modeling of schizophre-
nia. The two most relevant modalities discussed in our research are structural Magnetic
Resonance Imaging (sMRI) and functional Magnetic Resonance Imaging (fMRI). These
techniques produce high-dimensional representations of the brain, capturing its complex
anatomy and activity patterns [14]. In machine learning (ML) and deep learning workflows,
data from these modalities serve as rich input features, each with distinct spatial, temporal,
or spectral characteristics that can be leveraged for tasks such as segmentation and classifi-
cation. The Scope of this research focuses on structural MRI (sMRI) and functional MRI
(fMRI)

Structural MRI (sMRI). Structural MRI (typically T1-weighted scans) provides high-
resolution 3D images of brain anatomy, depicting the volumetric distribution of gray matter,

white matter, and cerebrospinal fluid. Each sSMRI scan is a volumetric intensity map (with
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~1 mm isotropic voxels) capturing the spatial structure of the brain at a single time point
(i.e., no temporal component). These volumetric images are commonly used as input to
convolutional neural networks (CNNs) for tasks like automated brain tissue segmentation
and lesion detection, as well as disease classification. For example, 3D CNN architectures
have been trained on whole-brain T1-weighted MRI volumes to distinguish schizophrenia
patients from healthy controls [75].

Such models can learn subtle morphological alterations (e.g. regional volume or shape
differences) associated with schizophrenia. In segmentation contexts, deep networks (in-
cluding U-Net variants and Transformers) can delineate structures like hippocampi or detect
tumors within SMRI scans, often outperforming traditional methods by capturing global
context and long-range dependencies in the 3D data [14] .

Overall, sMRI provides detailed spatial features (voxel intensities or region volumes)
that feed into ML models, usually via 2D or 3D CNN pipelines, to yield predictions or
anatomical labels.

Functional MRI (fMRI). Functional MRI (usually BOLD fMRI) measures brain activ-
ity over time by capturing changes in blood oxygenation, producing a 4D dataset (3D brain
volume across a temporal sequence). An fMRI scan offers moderate spatial resolution (on
the order of 2-3 mm voxels covering the whole brain) and an important temporal dimension
(time resolution 1-2 seconds, over many minutes of scanning). The raw fMRI output is a
time series of volumetric images, which can be processed into features like voxel-wise time
series or region-wise averaged signals.

A common approach is to parcellate the brain into regions of interest (ROIs) and com-
pute functional connectivity matrices, where each matrix element represents the statistical
correlation between the fMRI time series of two regions. This yields a functional network
per subject, which can serve as input to graph-based learning methods. For instance, one
can represent fMRI data as a graph with nodes as ROIs and edges weighted by their pair-

wise correlations, effectively constructing a functional connectivity network [S57]. Such
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representations enable the use of graph neural networks (GNNs) or graph Transformers to
learn from brain connectivity patterns.

Moreover, spatio-temporal deep learning models (e.g. CNN-LSTM hybrids or trans-
former models) can directly ingest the fMRI time-series data to capture dynamic brain
activity sequences. These techniques have been applied to classify mental disorders from
fMRI data by learning disease-related connectivity disturbances or activation patterns. In
schizophrenia research, resting-state fMRI inputs are often used to train classifiers that dif-
ferentiate patients from controls based on connectivity abnormalities, sometimes achieving
promising accuracy when complex temporal dependencies are modeled.

In summary, fMRI provides time-series data (voxel or ROI-level) that can be trans-
formed into features like time-series signals or connectivity matrices for input into temporal

CNNs, RNNs, or GNNs aimed at brain-state classification and prediction tasks.

2.2.4 Image Preprocessing
Image preprocessing is an essential stage to ensure data quality, consistency, and relia-
bility for subsequent computational analyses. This typically involves skull stripping, spatial

normalization, and intensity correction procedures.

Skull Stripping

Skull stripping removes non-brain tissues such as skull, scalp, and meninges from MRI
images, which is essential for isolating brain structures for subsequent computational tasks.
Techniques such as AFNI’s sswarper provide automated, robust, and reliable methods to
segment the brain from MRI scans, enhancing accuracy and consistency for subsequent

segmentation and registration steps[18].

Normalization and Registration to Standard Space
Normalization and registration techniques transform individual MRI images into a com-

mon reference framework known as the Montreal Neurological Institute (MNI) space. The
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MNI space is a standardized brain template created from averaging MRI scans of many in-
dividuals, providing a universal coordinate system for brain anatomy. This standardization
ensures that anatomical structures from different subjects are aligned to the same spatial
reference, enabling consistent localization and comparison of brain regions across studies.

By reducing anatomical variability, MNI normalization facilitates group-level analysis,
supports reproducibility, and improves the performance of computational models. For ma-
chine learning and deep learning applications, this alignment is especially critical because
it provides uniform input dimensions and anatomical correspondences, ensuring accurate

predictions and meaningful cross-subject comparisons [73].

Intensity Normalization and Bias Correction

Intensity normalization adjusts MRI images to achieve consistent intensity scales, re-
ducing scanner-induced variability. Bias field correction methods, such as those provided
by tools like FastSurfer, correct low-frequency intensity non-uniformities caused by mag-
netic field variations, significantly improving image quality and reliability for segmentation
algorithms[31]

Preprocessing and Common Challenges. All neuroimaging modalities require ex-
tensive preprocessing and standardization before they can be used in learning algorithms.
Raw MRI data often contain noise, artifacts (e.g., head motion, physiological noise), and
site-specific variations that must be corrected. Typical preprocessing steps include slice tim-
ing and motion correction for fMRI; eddy-current and motion correction for DWI; spatial
smoothing and filtering; skull stripping; and bias field correction for structural MRI. Im-
ages are usually spatially normalized to a standard template space (such as the MNI atlas)
so that corresponding voxels or regions align across individuals. This reduces inter-subject
variability and ensures that learned features correspond to the same anatomical loci across
subjects [34]. Intensity normalization and feature scaling are also applied so that input data

have consistent ranges.
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Even after preprocessing, neuroimaging data remain extremely high-dimensional (e.g.,
tens of thousands of voxels per scan or large connectivity matrices), which poses chal-
lenges for machine learning. A major issue is the curse of dimensionality combined with
limited sample sizes — clinical neuroimaging datasets for schizophrenia typically range
from dozens to a few hundred subjects, which is relatively small for training deep networks.
This imbalance can lead to overfitting if not addressed. Researchers mitigate this by using
data augmentation, transfer learning from large neuroimaging databases, or dimensionality
reduction techniques to make learning tractable [63].

Another challenge is the heterogeneity and variability in scans: differences in MRI scan-
ners or protocols across sites can introduce unwanted variation, so harmonization methods
or site-invariant models are often required. Moreover, the subtlety of disease-related pat-
terns (signal-to-noise issues) means models must be robust to noise and confounds. Despite
these obstacles, careful preprocessing and the development of specialized architectures
(e.g., 3D CNNs, spatio-temporal transformers, and GNNs that respect the data’s struc-
ture) have enabled increasingly successful applications of machine learning to neuroimag-
ing. Nonetheless, ensuring robust generalization and clinically meaningful interpretation
of models remains an active area of research, as high-dimensional brain data and limited
samples demand diligent validation and model interpretability tools to confirm that learned

features align with known neuroscience [75].
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Chapter 3

Related Works

The analysis of schizophrenia through neuroimaging has experienced significant advance-
ment over recent years. Computational techniques have evolved from traditional statisti-
cal and manual methods toward advanced machine learning and deep learning algorithms.
Early studies primarily utilized structural imaging modalities and basic analytical frame-
works. However, recent research trends increasingly focus on multimodal integration,
advanced segmentation approaches, deep learning methods, boundary-aware techniques,
and dynamic spatial-temporal analyses to improve diagnostic accuracy and clinical ap-
plicability [14]. Research trends indicate a pronounced shift towards incorporating deep
learning frameworks, particularly convolutional neural networks (CNNs), graph neural net-
works (GNNs), and transformer architectures, for automated feature extraction and com-
plex data modeling. These methods have significantly improved precision and interpretabil-
ity in schizophrenia analysis, reflecting broader technological and methodological advances

within computational neuroscience.

3.1 Traditional Computational Segmentation Techniques

Traditional computational methods for image segmentation predominantly utilize inten-
sity and spatial features within medical images. Common techniques include thresholding
(particularly Otsu’s method), region growing, active contour models, the random walker al-
gorithm, and mean shift clustering. Each of these methods leverages different assumptions

about image properties and exhibits unique advantages and limitations.
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3.1.1 Thresholding (Otsu’s Method)

Thresholding is one of the simplest and most widely used techniques in medical imag-
ing segmentation. It partitions an image into regions based on pixel intensity values. Otsu’s
method, in particular, is a popular thresholding technique that determines an optimal thresh-
old value by maximizing inter-class variance between pixel intensities, effectively separat-
ing foreground and background components [53]. Otsu’s thresholding is computationally
efficient and requires minimal parameter tuning, making it suitable for scenarios where
clear intensity differences exist between targeted regions, such as differentiating brain tis-
sues (grey matter, white matter, cerebrospinal fluid). However, its primary limitation is
sensitivity to intensity variations and noise, often necessitating pre-processing steps such as

filtering or normalization.

3.1.2 Region Growing

Region growing is a segmentation technique based on spatial intensity homogeneity.
The process begins by selecting initial seed points within an image region, progressively
aggregating neighboring pixels that share similar intensity values or texture characteris-
tics. This technique iteratively expands the segmentation region based on predefined ho-
mogeneity criteria, typically intensity similarity or texture coherence [26]. Region growing
is advantageous due to its intuitive implementation and ability to handle irregularly shaped
regions effectively. However, it is sensitive to the selection of initial seed points and noise,

which can result in leakage into adjacent regions if the criteria are inadequately defined.

3.1.3 Active Contour Models (Snake Algorithm)

Active contour models, widely known as “’snakes,” utilize energy-minimizing splines to
delineate object boundaries dynamically. This technique involves an initial contour placed
near the region of interest, evolving iteratively under the influence of internal forces (elas-
ticity and rigidity constraints) and external forces (image gradient and intensity-based fea-

tures) [38]. Snakes can effectively handle complex and irregular boundaries by adapting
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flexibly to the shape of anatomical structures such as ventricles, tumors, and subcortical
structures. A significant strength of active contour models is their ability to incorporate
smoothness constraints, thereby providing highly precise boundary delineation essential
for clinical tasks. Nevertheless, they require careful parameter tuning, initialization, and
may fail if the initial contour is not appropriately placed near the desired boundaries, or if

the image gradient is weak.

3.1.4 Random Walker Algorithm

The random walker algorithm is a probabilistic graph-based segmentation technique
that interprets image pixels as nodes in a graph, with edges connecting neighboring pixels
based on intensity similarity. Seed points representing labeled regions guide the algorithm,
which calculates the probability that a random walker starting from an unlabeled pixel will
reach a seed of a particular class (foreground or background) first. Pixels are assigned
labels corresponding to the highest probability class, thereby yielding a segmentation [74].
The random walker algorithm is effective in handling noisy images and provides robust
segmentation results with minimal sensitivity to initialization. However, computational
cost is relatively high, especially for volumetric images, due to the iterative probability

calculations, which can pose challenges in large-scale clinical datasets.

3.1.5 Mean Shift Clustering

Mean shift clustering is a non-parametric, iterative algorithm used to locate local max-
ima of density functions, effectively clustering data points in the feature space. For im-
age segmentation, mean shift operates by treating pixels as points in a combined spatial-
intensity feature space, iteratively shifting each point towards the mean of points within
its local neighborhood until convergence to modes of the underlying distribution. This
method does not assume prior knowledge of the number of clusters, making it flexible and
data-driven. Mean shift clustering can effectively identify irregularly shaped clusters and

is relatively robust to noise. However, its computational complexity is significant due to
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iterative shifts and convergence checks, making it less efficient for high-dimensional or

large-volume datasets common in medical imaging.

In summary, traditional computational segmentation methods are foundational for med-
ical image analysis, particularly due to their interpretability and robustness in simpler clin-
ical scenarios. However, the limitations in handling complex structures, sensitivity to noise
and parameter tuning, and computational inefficiency in larger datasets highlight the need
for advanced computational techniques such as machine learning and deep learning meth-

ods, which will be detailed in subsequent sections.

3.2 Machine Learning Approaches

Machine learning (ML) methods have been extensively utilized for medical imaging
tasks due to their effectiveness in pattern recognition, classification, and segmentation. In
the context of schizophrenia analysis, traditional ML algorithms primarily rely on care-
fully engineered features derived from neuroimaging data. Among these methods, Support
Vector Machines (SVMs) [16] and Random Forests (RFs) [7] have emerged as prominent

approaches due to their robust predictive performance and relative interpretability.

3.2.1 Support Vector Machines (SVMs)

Support Vector Machines (SVMs) are supervised learning algorithms widely used for
binary classification tasks. SVMs identify an optimal hyperplane in a high-dimensional
feature space, maximizing the margin between classes. This hyperplane serves as the deci-
sion boundary separating data points of different classes (an instance, schizophrenic versus
healthy controls). SVMs have proven particularly effective in neuroimaging studies, espe-
cially when the number of available samples is relatively limited, due to their capability to
manage high-dimensional input spaces and avoid overfitting through the use of kernel func-
tions [3]. Kernel functions, such as linear, polynomial, and Radial Basis Function (RBF)

[1], enable SVMs to map inputs into higher-dimensional spaces for enhanced class sepa-
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ration. Despite their strong predictive capabilities, a significant limitation of SVMs is the
need for manual feature extraction, which can introduce bias and reduce the generalizability

of the model across diverse datasets.

3.2.2 Random Forests (RFs)

Random Forests (RFs) constitute an ensemble learning approach consisting of multiple
decision trees trained independently on random subsets of features and samples. Each
tree in the forest votes for a class, and the class with the majority votes is chosen as the
prediction. RFs offer several advantages for medical image analysis, including robustness
to noise, resilience against overfitting, and the ability to handle large feature sets and diverse
data types effectively. This makes them suitable for tasks like the classification of structural
and functional brain images to discriminate schizophrenia from healthy controls or other
psychiatric disorders [74]. A critical strength of RFs is their inherent capability to estimate
feature importance, thus enhancing interpretability in clinical contexts. However, similar to
SVMs, RFs also rely on carefully selected and engineered features, limiting their scalability
and the full exploitation of available data.

Both SVM and RF algorithms have demonstrated consistent performance in schizophrenia-
related neuroimaging tasks, particularly when combined with sophisticated feature extrac-
tion techniques, such as voxel-based morphometry (VBM) and functional connectivity
analysis. Nevertheless, the inherent limitation in scalability, manual feature dependency,
and difficulty in capturing complex nonlinear patterns have prompted the exploration of
advanced deep learning techniques discussed in subsequent sections. Such deep learn-
ing approaches, including convolutional neural networks (CNNs), transformers, and graph
neural networks (GNNs), have shown potential in automating feature extraction, thereby

achieving higher accuracy and improved generalization for schizophrenia detection.
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3.3 Deep Learning Approaches

Deep learning methodologies have revolutionized medical imaging segmentation and
classification tasks by enabling automated, feature extraction directly from imaging data,
thus eliminating the necessity for explicit manual feature engineering. In neuroimaging
studies, especially within schizophrenia research, Convolutional Neural Networks (CNNs),
U-Net architectures, and Fully Convolutional Networks (FCNs) have emerged as essential
computational tools due to their exceptional performance in precisely delineating intricate
brain structures, offering considerable improvements in segmentation accuracy compared

to traditional approaches[51].

3.3.1 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are hierarchical deep learning models designed
to effectively extract spatial features from image data. CNN architectures typically include
multiple convolutional layers, pooling layers, and fully connected layers, allowing the ex-
traction of increasingly abstract and complex representations from the input images. Con-
volutional operations use kernels or filters that slide across input images to produce feature

maps by computing local spatial correlations:

(f*8)(x,y) ZZflJ x—i,y—Jj)

where f denotes the input image and g the convolutional kernel. CNNs efficiently capture
spatial context and localized features, making them ideal for tasks like segmentation and

classification of brain MRI images [45].

3.3.2 U-Net Architecture
The U-Net architecture is a specialized CNN variant designed explicitly for biomedical
image segmentation. It features an encoder-decoder structure consisting of a contracting

path (encoder) that captures context and spatial features and an expanding path (decoder)
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that facilitates precise localization. Critically, U-Net employs skip connections as shown in
Figure 3.1 between the encoder and decoder paths to preserve detailed spatial information,
enhancing segmentation accuracy particularly at the boundaries [59]

The key mathematical component of U-Net is the skip-connection mechanism, defined

as:

Udecoder (x) = fdecoder(Uencoder(x) D S()C))

where Ugycoder(X) and Ugecoger(x) represent features from encoder and decoder, respec-

tively, S(x) denotes skip connections, and & indicates concatenation.

3.3.3 3D U-Net

3D U-Net [79] is an advanced extension of the original U-Net architecture, specifically
designed to process volumetric medical imaging data such as MRI scans. Unlike traditional
2D U-Nets, which operate on slice-wise images and may lose spatial continuity across
slices, 3D U-Net incorporates volumetric convolutions that preserve three-dimensional con-
text. This enables the network to capture spatial dependencies and anatomical structures
more effectively, which is particularly valuable in brain imaging tasks where continuity
across slices is critical.

Formally, the operation of a 3D convolutional layer can be expressed as:

y= Fcr)nv3D(x) =xxW+b

where * denotes the 3D convolution, x represents the input volume, W the learned 3D kernel
weights, and b the bias term. By extending convolutions to three dimensions, 3D U-Net
allows the model to leverage volumetric features rather than relying solely on slice-based
2D context.

Empirical studies have shown that 3D U-Net significantly improves volumetric segmen-

tation performance, yielding more accurate delineation of complex anatomical structures,
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including small subcortical regions relevant to schizophrenia research [S1]. This makes it a
natural baseline for volumetric segmentation in medical imaging applications.
Limitations. Despite its strengths, 3D U-Net has several limitations that motivate the

development of improved architectures:

* Computational Complexity: Processing volumetric data greatly increases memory
and computational requirements. Training on full 3D MRI volumes often exceeds
GPU memory limits, necessitating patch-based training strategies that may lose some

global context.

* Overfitting Risk: Due to the high dimensionality of 3D data and relatively small
medical imaging datasets, 3D U-Nets are prone to overfitting unless regularization or

augmentation is carefully applied.

* Boundary Precision: While 3D U-Net captures volumetric features, it often strug-
gles with fine-grained anatomical boundaries, producing segmentations that may “bleed”
across structures. This is particularly limiting in psychiatric imaging, where precise
delineation of subcortical regions such as the hippocampus, amygdala, basal ganglia,

and thalamus are clinically important.

* Generalization Challenges: Variability in MRI acquisition protocols across sites
(e.g., different scanners, resolutions) can reduce model robustness, highlighting the

need for architectures that are invariant to acquisition differences.

These limitations provide the motivation for our proposed BoRefAttnNet, which inte-
grates boundary refinement and attention mechanisms to improve segmentation precision,

particularly around anatomical edges where 3D U-Net performance degrades.

3.3.4 Fully Convolutional Networks (FCNs)

Fully Convolutional Networks (FCNs) are specialized CNN architectures designed ex-

plicitly for dense pixel-wise segmentation tasks. Unlike traditional CNNs, FCNs eliminate

26



3.4. BOUNDARY-AWARE SEGMENTATION

64 64
128 64 64 2
input
i output
image -
e || ** ™ segmentation
tle Sl & 3 B
55l 8 4
' 128 128
256 128
>
ol ol 2
HE E Sl Bk
' 256 256 P— '
2% tB émzﬂ‘o’] =»conv 3x3, RelLU
<t
B SR copy and cro
¥ 512 s 1024 512 f py p
sl =l A el e # max pool 2x2
<
S o¥ 102 45 B 4 up-conv 2x2
o [ > I >
® 3 % =» conv 1x1
3] ~

Figure 3.1: U-net architecture from Ronneberger et al. [59].

fully connected layers, allowing networks to handle images of arbitrary dimensions effi-
ciently. FCNs provide dense outputs directly, preserving spatial relationships across the
entire input image, and thus offer superior performance in medical image segmentation

scenarios. Architectures such as SegNet and U-SegNet exemplify this category:

* SegNet: Utilizes an encoder-decoder architecture with pooling indices transferred

from encoder to decoder to improve boundary accuracy and feature reconstruction.

* U-SegNet: Combines the structural advantages of SegNet and U-Net, incorporat-

ing skip connections and pooling indices to enhance spatial precision and boundary

delineation [42].

3.4 Boundary-Aware Segmentation

Boundary-aware segmentation techniques, such as UDBRNet[28] and boundary-focused

loss functions (Dice loss [77], boundary loss [39]), address critical limitations in standard
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CNN-based methods concerning boundary precision. Studies comparing traditional U-
Net and advanced boundary-aware networks such as UDBRNet consistently demonstrate
improved segmentation performance when explicitly modeling boundary information and
uncertainty. These comparative analyses highlight boundary-aware approaches as essen-
tial for precise anatomical delineation, especially for clinically sensitive analyses such as
schizophrenia imaging.

Misalignment or incorrect boundaries can significantly affect clinical decisions, biomarker
measurement accuracy, and therapeutic outcomes. In brain imaging, precise segmentation
boundaries are particularly critical for delineating subtle anatomical alterations associated
with schizophrenia, which can be key indicators of the disease[39]

Traditional segmentation methods and basic convolutional neural networks (CNNs) of-
ten lack explicit mechanisms for accurately capturing complex and irregular anatomical
boundaries. Challenges such as noise, imaging artifacts, and intensity inhomogeneities
further complicate boundary precision, necessitating advanced computational approaches

tailored specifically for accurate boundary delineation.

3.5 Boundary-focused Loss Functions

Boundary-focused loss functions explicitly target the accuracy of segmentation bound-
aries by penalizing deviations from true boundary locations, thus improving segmentation

precision significantly.

Boundary Loss Kervadec et al [39] proposed boundary loss directly penalizes boundary
discrepancies between the predicted segmentation masks and ground truth contours. This

loss function is mathematically expressed as:

1 1
LBoundary = N Z d(p,aS)z + M Z d(p,aG>2 (3.1
peIG peIS
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where dG and dS represent ground truth and predicted segmentation boundaries, respec-
tively; N and M denote the number of pixels in corresponding boundary sets; and d(p,dS)
represents the shortest Euclidean distance from point p to boundary set dS. Boundary loss
effectively guides neural networks toward accurate alignment of predicted segmentation

boundaries with the true anatomical contours[39]

Dice and Boundary-weighted Dice Loss The Dice loss, derived from the Dice similarity
coefficient, measures overall segmentation overlap between prediction and ground truth
masks, defined mathematically as:

21X NY]

Lpice=1— 21
Dice |X|+|Y|

(3.2)

where X is the predicted segmentation mask and Y is the ground truth. Although Dice loss
effectively captures global segmentation accuracy, boundary-weighted Dice loss improves

it by incorporating boundary information to explicitly emphasize boundary pixels:

2y N wiXiY;

YV wiXi+ 1) .

LBW —pice = 1

where w; represents the boundary weighting factor applied to pixels near boundaries. This

approach significantly enhances boundary delineation performance [66]

3.6 Vision Transformers

Transformer models, originally developed for natural language processing, have been
effectively adapted for computer vision and medical imaging due to their powerful self-
attention mechanism. Transformers capture complex spatial and temporal dependencies,
providing significant advantages over traditional CNN architectures, particularly in neu-

roimaging analysis.

29



3.7. DYNAMIC SPATIAL-TEMPORAL TRANSFORMERS

Self-Attention Mechanism Fundamentals The core of transformer architecture is the
self-attention mechanism, enabling the model to capture long-range interactions by di-
rectly relating different elements within input data sequences. The self-attention operation

is mathematically defined as:

Attention(Q, K, V) = softmax <Q—KT> 1% (3.4)
o Vi '

where Q, K, and V represent queries, keys, and values derived from input features, respec-
tively, and d is the dimensionality of the key vectors. This mechanism allows transformer
models to dynamically weigh and integrate information from all positions within the input
data, overcoming the limitations of CNNs related to local receptive fields and fixed kernel

sizes [14].

Advantages over CNNs in Medical Imaging Transformer-based approaches capital-
ize on self-attention mechanisms to capture long-range dependencies, significantly out-
performing conventional CNN-based methods in schizophrenia classification by providing
improved interpretability and robust detection performance [62]. Accordingly, Shehzad et

al. [62] lists the following strengths of Transformers over CNNs

* Long-range Dependencies: Unlike CNNs, transformers directly capture global con-
text and interactions across the entire image, essential for modeling long-distance

dependencies characteristic of neuroimaging data.

* Contextual Modeling: Transformers naturally model context by attending simulta-
neously to multiple locations in images, facilitating the understanding of complex
spatial-temporal relationships that CNNs may overlook due to localized convolu-

tional operations.
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3.7 Dynamic Spatial-Temporal Transformers

Dynamic spatial-temporal transformer models specifically extend transformer capabili-

ties to handle sequential data over space and time, critical for dynamic brain MRI analysis.

Spatial-Temporal Transformers in Brain MRI Analysis Spatial-temporal transform-
ers are designed to simultaneously leverage spatial information from imaging volumes and
temporal dynamics across time-series data (e.g., fMRI sequences). These models capture
rich spatio-temporal dependencies, allowing for enhanced diagnostic accuracy in identi-
fying subtle neurological changes associated with schizophrenia. For instance, dynamic
spatial-temporal transformers effectively integrate structural and functional neuroimaging
data, yielding robust feature representations that significantly outperform traditional com-
putational methods[62].

By explicitly modeling dynamic spatio-temporal dependencies, transformers can pro-
vide comprehensive insights into the neural mechanisms underlying schizophrenia, signifi-

cantly surpassing conventional segmentation and classification approaches [62, 14]

3.8 Multimodal Fusion Techniques

Multimodal fusion strategies have become critical for improving diagnostic robustness
and clinical accuracy by leveraging complementary information from multiple imaging
modalities. Fusion of structural MRI (sMRI) and functional MRI (fMRI) significantly en-
hances schizophrenia detection capabilities compared to using single modalities, demon-
strating clear clinical relevance in complex neuropsychiatric analyses.

Common fusion methods include feature-level concatenation, decision-level fusion, and
hybrid fusion techniques using advanced computational approaches such as deep neural net-
works, transformers, and graph-based methods. Recent studies have notably emphasized
transformer-based multimodal fusion approaches, which utilize self-attention mechanisms

to dynamically weigh contributions from structural and functional modalities, thereby achiev-
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ing superior diagnostic accuracy and interpretability [8]

While multimodal fusion strategies demonstrate improved diagnostic capabilities, they
often encounter significant challenges. Strengths of current techniques include enhanced
accuracy, robustness, and diagnostic interpretability. However, common limitations include
computational complexity, the necessity for large datasets, sensitivity to noise, modality-
specific artifacts, and difficulties in harmonizing data from diverse imaging sources. These
challenges necessitate further methodological refinement and innovative computational ar-

chitectures capable of effectively integrating multimodal imaging data.

3.9 Our Proposed Approaches
3.9.1 Limitations of Current Approaches

Traditional computational segmentation methods, including thresholding, region grow-
ing, and active contour models, remain foundational in medical imaging. Nevertheless,
these techniques often face significant limitations, particularly concerning boundary ac-
curacy, sensitivity to initialization parameters, and susceptibility to imaging noise [38].
Machine learning methods such as Support Vector Machines (SVMs) and Random Forests
(RFs) provide effective classification capabilities but require extensive manual feature en-
gineering, reducing their scalability and generalizability [3].

Recent deep learning approaches, notably Convolutional Neural Networks (CNNs), U-
Net architectures (including 3D U-Net), Fully Convolutional Networks (FCNs), and hy-
brid models [29], have significantly improved segmentation accuracy by automatically
extracting complex features directly from imaging data. Boundary-aware segmentation
techniques, employing specialized loss functions, attention mechanisms, and refinement
architectures (such as UDBRNet [28]), further enhance precision in segmentation tasks,
particularly for intricate brain anatomy delineation.

Transformer models represent advanced computational techniques that effectively cap-

ture spatial-temporal relationships and global dependencies inherent in neuroimaging data.
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Transformers, in particular, provide critical advantages over traditional CNN architectures,
efficiently modeling long-range dependencies and contextual information crucial in brain
imaging applications [62].

Despite these advancements, several computational challenges persist. High dimen-
sionality, computational complexity, limited datasets, and significant inter-subject variabil-
ity pose challenges in model training and validation. Achieving stable, interpretable, and
clinically relevant results requires rigorous preprocessing, normalization, data harmoniza-
tion, and robust model design, underscoring the importance of methodological rigor and

innovation in computational neuroimaging research.

3.9.2 Motivations for Our Approach

Given these critical insights and existing computational challenges, the motivation for
the current research emerges clearly. While significant progress has been made in lever-
aging advanced segmentation models, significant gaps remain in achieving boundary pre-
cision, interpretability, and robustness, especially in multimodal and spatial-temporal con-
texts. The necessity for enhanced boundary-aware segmentation methodologies and so-
phisticated modeling of dynamic spatial-temporal dependencies forms the core motivation
of this research.

Specifically, this thesis addresses the following critical needs:

1. Enhanced Boundary Precision: Developing advanced segmentation methods ex-
plicitly optimized for accurate boundary delineation to precisely identify subtle anatom-

ical alterations associated with schizophrenia.

2. Spatial-Temporal Integration: Employing transformer-based architectures capable
of effectively modeling complex spatial and temporal brain connectivity dynamics,

essential for accurately capturing schizophrenia pathology and progression.

3. Multimodal Fusion: Implementing computational frameworks that integrate struc-
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tural and functional MRI modalities to leverage complementary strengths and im-

prove diagnostic accuracy, robustness, and clinical interpretability.

Ultimately, this research aims to push the boundaries of existing computational method-
ologies, addressing identified limitations, enhancing the interpretability and diagnostic ca-
pability of schizophrenia analysis, and contributing significantly to advancing clinical decision-

making and patient outcomes.
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Chapter 4

BoRefAttnNet: Boundary-Refined
Attention Network

Accurate boundary delineation of brain anatomical structures in 3D medical image seg-
mentation remains a critical challenge, particularly for anatomically subtle regions with
boundaries vital for clinical and neuroscientific insights. In this chapter, we present our
variant Boundary-Refined Attention Network (BoRefAttnNet), a boundary-refined 3D U-
Net variant that integrates multiscale boundary attention modules into the decoder path. In
place of standard skip-connections, the modules in our model produce explicit boundary
activation maps that selectively emphasize anatomically relevant edges while suppressing
background noise. We evaluate BoRefAttnNet on the Analysis of Functional Neurolm-
ages (AFNI)-processed brain magnetic resonance imaging of patients (acquired through
the SchizConnect license from the Center for Biomedical Research Excellence (COBRE)
dataset) that are pre-processed for skull stripping and FastSurfer parcellations. Focusing on
five key subcortical structures (hippocampus, lateral ventricles, amygdala, basal ganglia,
and thalamus) as our class labels, our model trains under two loss configurations, cross-
entropy alone and cross-entropy with boundary penalty. A set of experiments show our
BoRefAttnNet model substantially outperforms the current conventional 3D U-Net base-

lines, resulting in more precise segmentations of small or complex structures.
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4.1 Boundary-Refined Attention Network (BoRefAttnNet)

Despite significant advances, existing boundary-aware segmentation models have criti-
cal limitations, which include issues, such as computational complexity and insufficient at-
tention to subtle anatomical boundaries, especially in brain MRI. To this end, our proposed
approach incorporates explicit boundary attention blocks at multiple decoder scales and
uniquely refines boundary delineation through targeted attention mechanisms. By selec-
tively enhancing boundary-relevant features without significantly increasing computational
overhead, our approach presents a clear technical advancement suited to the challenging
task of precise anatomical segmentation in volumetric MRI.

Although modern 3D U-nets have achieved the strong volumetric encoding and mul-
tiscale analysis, conventional encoder-decoder pipelines often struggle with accurately lo-
calizing object boundaries—particularly in highly irregular or subtle brain regions, such
as the hippocampus or amygdala. In these cases, the decoder skip-connections transfer
high-resolution features but lack explicit cues to emphasize tissue interfaces, which leads
to blurred or imprecise segmentations. We propose Boundary-Refined Attention Network
BoRefAttnNet, a novel 3D U-Net variant that integrates multi-scale Boundary Attention
Modules (BAM) directly into its decoder stages. These modules produce boundary activa-
tion maps that highlight transition zones between anatomical structures, gating the decoder
features to preserve edges while suppressing homogeneous or uninformative regions. By
design, BoRefAttnNet not only preserves the benefits of the encoder-decoder framework,
but also focuses computational resources on boundary delineation, an aspect especially vital
for accurate neuroimaging assessments in schizophrenia.

The primary objectives of BoRefAttnNet include the following.

1. Boundary Accuracy: Explicitly model boundaries to improve segmentation precision
at structural interfaces.
2. Multi-scale Contextual Learning: Integrate boundary attention at multiple decoder

resolutions for comprehensive boundary modeling.
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3. Computational Efficiency: Maintain comparable computational demands to baseline

3D U-Net architectures, allowing scalable deployment.

4.1.1 Model Architecture

As illustrated in Figure 4.1, the encoder follows a standard 3D U-Net downsampling
pathway. Each decoder stage integrates a Boundary Attention Module (BAM) that refines
skip-connected features by emphasizing boundary regions. At every stage, the model pro-
duces boundary logits, with the final boundary map taken from the last decoder stage. A

1 x 1 convolution on the final decoder output yields the per-voxel segmentation logits.

Input
(B,1,D,H,W)

DoubleConv3D| 1x1 Conv Seo Logi
(1-32) E (32— nClasses) cg Logits
Down3D :

' Up3D(64—32
MaxPool + | ! skip P (+ —32)
DoubleConv E f--m--- > BAM + - - ->| Boundary
(32-64) E DoubleConv
Digrarly Up3D(128—64)

MaxPool + | = skip + Boundary
DoubleConv | v "TTTTTToooC g BAM + "7 Logits
(64—128)

DoubleConv

Down3D . Up3D(256—128
MaxPool + | skip + Boundary
DoubleConv e BAM + T Logits
(128—256) E DoubleConv

Down3D i _ Up3D(512—256
MaxPool + o flflP ________ N + N Boundary
DoubleConv BAM + Logits
(256—512) DoubleConv

|

Figure 4.1: Schematic of BoRefAttnNet showing the encoder-decoder architecture with
boundary attention modules (BAM) integrated at each decoder stage.

BoRefAttnNet inherits its overall structure from the original 3D U-Net [59] but aug-
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ments the decoder itself with Boundary Attention Modules (BAM) at multiple resolutions.
Formally, let

XCRCXDXHXW (41)

be a given input 71-weighted MRI volume—a standard anatomical sequence that provides
high soft-tissue contrast, helping to distinguish gray matter, white matter, and subcortical
structures—where C = 1 for channel, showing single modality (MRI collected as grayscale
images), D is the depth which in volumetric MRI, this corresponds to the number of slices
along the z-axis., H is the height which represents the number of pixels along the y-axis
of each slice, and W the width is the number of pixels along the x-axis of each slice. The

network consists of the following modules.

1. A 3D Encoder ‘E that down-samples features hierarchically.

2. A series of Decoder Stages {2}, where each stage / merges encoder features with

upsampled decoder features.

3. Boundary Attention Modules inserted at each decoder stage to create boundary acti-
vation maps BU). These maps selectively weigh the skip-connected features, empha-

sizing regions that exhibit boundary transitions.

The function-level segmentation output description is as follows.

v = (a0 ), AP 1)) (42)

where 4\ denotes the boundary attention module (or boundary activation map) at stage
[ fe(l) are encoder features, and f y) are upsampled decoder features, where L = 4 in Fig-
ure 4.1.

Each boundary attention module aims to isolate local transitions between tissues, for

instance, between hippocampus and ventricle, by learning an auxiliary boundary activation
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map B0 This boundary map gates the concatenated encoder and decoder features ( fe(l) D

f y)), compelling the network to assign higher weights to boundary voxels.

B =¢ <¢1><1><1 (5 (¢3><3><3(fe(l) EBfé”)))) (4.3)

where §3x3x3 and @1xx1 denote convolutional operations, & represents Group Normal-
ization [72] followed by ReLLU [49] activation, G is the sigmoid function generating the
attention map, and & denotes concatenation.

The attention-gated decoder features are subsequently computed by element-wise mul-
tiplication:

£ =B (e £ (4.4)

where © denotes Hadamard (element-wise) product [33]. This gating mechanism selec-

tively emphasizes voxels along anatomical edges, yielding sharper segmentation contours.

4.1.2 Encoder: Multi-Scale Feature Extraction

The encoder leverages hierarchical 3D convolutional blocks to extract multi-scale spa-
tial features critical for accurate boundary delineations. Each encoder block employs a two-
stage convolutional sequence (DoubleConv3D), including 3 x 3 x 3 convolutions, Group
Normalization, and ReL.U activations, followed by downsampling via MaxPooling.

Let the input volume be x € X(€ RP*H*W) \where C = 1 for single-channel MRI

data. Encoder operations at each stage [ € {1,2,3,4} are formally described as follows.

fe(o) = x, fe(l) = Down3D (MaxPooBD(fe(l*l))) (4.5)

Each Down3D consists of two consecutive 3 X 3 x 3 convolutions, each followed by
Group Normalization and ReL.U activation, then a max-pooling step (see Table 4.1). After
four such stages (/ =1,...,4), we obtain progressively deeper features fe(4) capturing broad

context.
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Table 4.1: BoRefAtinNet Encoder Specifications.

Stage Input Ch. Output Ch. Kernel Norm Downsample
1 1 32 3x3x3 GroupNorm (8) MaxPool3D
2 32 64 3x3x3 GroupNorm (8) MaxPool3D
3 64 128 3x3x3 GroupNorm (8) MaxPool3D
4 128 256 3x3x3 GroupNorm (8) MaxPool3D

4.1.3 Decoder: Boundary-Aware Upsampling and Multi-Scale Attention

A short bottleneck block converts the deepest encoder output fe(4) into the initial decoder

feature, which we denote f UgbOt). Then, each decoder stage [ € {4,3,2,1}:

» Upsamples a deeper decoder feature f [SZH) or fcgbm) (for [ = 4) to match spatial reso-

lution;
» Concatenates it with the encoder feature fe(l) (a skip connection);

* Passes the concatenated volume through a Boundary Attention Module (BAM) block,

described below;

Formally, let us define:

f CgbOt) = Bottleneck( fe(4))

as the output from the deepest layer. Then, for each decoder stage [ € {4,3,2,1} we have:

£ = upConvaD (£§*) (4.6)

(or "V if 1 = 4) 4.7

0 = Concat(fél),fe(l)) (4.8)
A BY = BAM(x") (4.9)

where B is the boundary logits at stage /. This gating mechanism in BAM selectively

emphasizes edge-critical voxels and yields sharper segmentation contours. Finally, a 1 X
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1 x 1 convolution on the last decoder output produces the per-voxel segmentation logits.

4.1.4 Boundary Attention Module (BAM)

Each BAM is anchored around a small set of learnable convolutional layers that predict
a 3D boundary activation map. Let x € X (C R *P*H*W) be the skip-concatenated feature
map; the boundary logits Bjggjis are produced by our BAM module as follows. The whole

architecture of our BAM module is shown in Figure 4.2.

Xint = ReLU(GN(Conv33x3(x))) (4.10)

Blogits = Convixix(Xint) (4.11)

Applying a sigmoid activation 6(+) to the logits yields a continuous boundary attention map

Abpoundary, Which in turn gates the feature map x by element-wise multiplication:

Xrefined = X © Aboundary (4.12)

This multi-scale attention mechanism enhances boundary clarity by emphasizing edge-
critical voxels across multiple resolution scales, significantly improving segmentation ac-
curacy for intricate anatomical boundaries.

Algorithm 1 provides the pseudocode of our BAM module, a 3 x 3 x 3 conv with GN
and ReLLU produces intermediate features, followed by a 1 x 1 x 1 conv for boundary logits.
The Bjogits passes through a sigmoid o, generating an attention map that gates the original
input x by element-wise multiplication, yielding x;efineq. This gating localizes transitions
along edges, mitigating the risk of over-smoothing that standard skip-connections often

exhibit.
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Boundary
Logits
Blogits
Input | (C— mid_ch) \| Convixix3 (—=1) Convyx1x1
(B,C,D,H,W) | I| + GN + ReLU (boundary logits)
X Blogits

Hadamard |, Aboundary | Sigmoid
© " | o0

h

Refined
Xreﬁned

Figure 4.2: Architecture of the Boundary Attention Module (BAM).

Algorithm 1 Boundary Attention Module (BAM)

1: Input: Feature map x € (X € REXCXDXHXW)

2: Output: Refined feature map Xrefined, boundary logits Biogits
3: Xint ¢ ReLU(GN(Convsy3x3(x)))

4: Biogits = Convi 11 (Xint)

5: Aboundary <= O(Blogits)

6: Xrefined <~ X © Aboundary

7: return Xefined, Blogits

4.1.5 Boundary-Aware Loss Formulation

In addition to conventional volumetric Dice and Cross-Entropy[66] metrics, BoRefAt-
tnNet leverages a hybrid boundary-focused loss, integrating volumetric accuracy (Dice
Loss) with explicitly formulated boundary precision to further constrain edge quality.

Dice Loss quantifies the overlap between predicted mask P and ground truth G, defined
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as:
2Y;PG;

Lpice(P,G) =1— —5 "L _
D1ce< ) ZiP12+ZiG12

(4.13)

The boundary loss term [39] explicitly penalizes misalignments at object contours by

comparing predicted boundaries to ground truth edges using gradient approximations as:

|
Lpoundary = Zwa IVP(x)* (P(x) — G(x)) (4.14)
xe

where wy is the voxel-wise boundary weighting factor, VP(x) denotes spatial gradients
approximated across each dimension and Q denotes the set of all (x,y,z) voxel coordinates
in the 3D volume, and N = |Q| is the total number of voxels. In other words, we sum over
every voxel location in the image lattice when computing the boundary loss.

We evaluate our baseline 3D U-Net and the proposed BoRefAttnNet on a 6-class sub-

cortical segmentation task derived from FastSurfer [31, 32, 22, 21] labeled brain MRI data.

4.2 Data Preparation and Training
4.2.1 Data Preparation

Our experiments utilize structural MRI data from the publicly available Center for
Biomedical Research Excellence (COBRE) [2] dataset obtained via the SchizConnect plat-
form ' 2. Specifically, our analyses focused on T1-weighted structural MRI scans, acquired
using a Siemens 3T TIM Trio scanner using a 12-channel head coil. Images were acquired
using a multi-echo MPRAGE sequence with the following parameters: TR = 2530 ms, TE
=1.64, 3.5, 5.36, 7.22, 9.08 ms (multi-echo), TI = 1.2 s, flip angle = 7°, voxel size = 1 mm3
isotropic, field of view (FOV) = 256 mm, and acquisition matrix of 256x256x192 voxels.
Figure 4.3 provides a sample MRI data, visualizing the human brain anatomy from different
perspectives—sagittal, coronal, and axial—providing a comprehensive overview of struc-

tural abnormalities such as enlarged ventricles or cortical thinning, commonly observed in

'COBRE: https://pubmed.ncbi.nlm.nih.qgov/28812221/.
2SchizConnect platform: http://schizconnect.org/.
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patients with schizophrenia.

Explanation of Parameters. TR (repetition time) specifies the time between successive
excitations of the same slice, influencing image contrast. TE (echo time) is the time between
excitation and signal readout, controlling sensitivity to tissue relaxation. TI (inversion time)
defines the delay between an inversion pulse and signal acquisition, crucial for contrast in
MPRAGE sequences. The flip angle determines the degree of proton rotation by the RF
pulse, and the FOV defines the spatial extent of the imaging volume. These acquisition
parameters together provide high-resolution T1w images suitable for precise volumetric
and morphological analysis.

Subjects and Class Labels. The dataset included 174 subjects: 88 diagnosed with
schizophrenia and 86 healthy controls. For the purposes of segmentation and classification,
these two groups form the binary class labels used in this study. In downstream segmenta-
tion experiments, we further refined class labels to specific anatomical regions of interest
(ROIs), including the hippocampus, amygdala, lateral ventricles, basal ganglia, and thala-
mus, consistent with prior studies reporting schizophrenia-related abnormalities.

Data Split. The dataset was divided into training (70%), validation (15%), and testing
(15%) subsets to ensure rigorous model evaluation while preventing data leakage. This cor-
responds to approximately 122 subjects for training, 26 for validation, and 26 for testing,
stratified across schizophrenia and control groups. This balanced split ensures that both
diagnostic categories are represented across all subsets, providing a reliable benchmark
for segmentation and classification tasks in schizophrenia-related neuroimaging studies
[69, 52]. Previous works indicate significant volumetric alterations in regions such as the
hippocampus, amygdala, and lateral ventricles among patients with schizophrenia [50, 71].
Therefore, the experiment of our segmentation performance evaluation specifically targets
these anatomically and clinically critical regions.

Initial preprocessing of the data involves skull stripping using the Analysis of Functional
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Figure 4.3: Orthogonal view of a T1-weighted MRI showing the Sagittal, Coronal, and
Axial slices

Neurolmages AFNI? [18, 17] sswarper2. This step isolates brain tissue from surrounding

skull and extracerebral tissues, significantly reducing noise for downstream tasks.

Figure 4.4: Sagittal, Coronal, and Axial slices view of an input MRI for model training.

After skull-stripping, intensity normalization is applied, standardizing each scan to zero
mean and unit variance. This means that the average voxel intensity across the entire vol-
ume is shifted to zero (centering), and the variance of voxel intensities is scaled to one

(standardization). The skull-stripped volumes undergo further normalization using Fast-

3AFNI: https://afni.nimh.nih.gov.
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Surfer* to generate outputs for each subject. Our training inputs as shown in Figure 4.4 are
T1-weighted MRIs which have been preprocessed, skull stripped, and are passed through
FastSurfer for further normalization. We adopt FastSurfer-generated label volume shown

in Figure 4.5 that combine multiple cortical and subcortical parcellations.

Figure 4.5: FastSurfer generated multi-class label of subject MRI in Sagittal, Coronal, and
Axial slice view.

We refer to FastSurfer’s Color LUT to isolate and merge the data into six (6) clini-
cally relevant subcortical classes, namely Background, Hippocampus, Lateral Ventricles,

Amygdala, Basal Ganglia, Other structures.

4.2.2 Computational Environment

Experiments are conducted using high-performance computing resources provisioned
on Google Cloud Platform (GCP) 3 , specifically configured to optimize training and eval-

uation of deep neural networks:

* Compute Instance: Google Cloud VM instance type g2-standard-48.

* Hardware Specifications: Equipped with 48 virtual CPUs (vCPUs), 192 GB of RAM,
and four NVIDIA L4 GPUs (32 GB VRAM each), ensuring high computational

4FastSurfer: https://github.com/Deep-MI/FastSurfer.
SConsole: https://cloud.google.com.
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throughput and efficient parallelization.

» Storage: Solid-state drives (SSDs) provided rapid data access and significantly min-

imized 1/0O latency.

4.2.3 Software and Libraries

The software stack and tools leveraged for conducting the experiments included:

s Deep Learning Framework: PyTorch 2.6 ® for model development, training, and

evaluation.

* Data Handling Libraries: Nibabel 7 for neuroimaging data manipulation and prepro-

cessing.
« Visualization Tools: FSL 8 for interpreting model attention and outputs.

« Version Control: Git and GitHub ° ensured reproducibility and maintained version

consistency across experiments.
The following models and loss configurations are implemented.

* Baseline 3D U-Net (Cross Entropy loss-only).

* Baseline 3D U-Net with Boundary Penalty (Cross Entropy loss+boundary loss).

BoRefAttnNet with multi-scale boundary attention (Cross Entropy loss-only).

BoRefAttnNet with multi-scale boundary attention and boundary-weighted loss (Cross

Entropy loss+boundary loss).

A patch-based approach is adopted from kamnitasas et al. [37] with patch size 1283,
stride 64 and with independent data augmentation per patch. Adam optimizer [40], initial

learning rate 1e#, and early stopping [56] criteria based on validation loss are employed.

®Pytorch: https://pytorch.org.

"Nibabel: https://nipy.org/nibabel/.
8FSLeyes: https://fsl.fmrib.ox.ac.uk/.
°Github: https://github.con/.
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4.2.4 Evaluation Metrics

Three (3) standard metrics are used to evaluate segmentation accuracy, including Dice
Similarity Coefficient (Dice), Hausdorff Distance (HD), and Average Surface Distance
(ASD).

To illustrate the efficacy and interpretability of our proposed BoRefAttnNet, in our ex-
periments we also visually examine the intermediate boundary attention maps generated at
various decoder stages. These boundary attention maps explicitly highlight the anatomi-
cal boundaries critical for accurate segmentation, particularly in challenging structures in-
volved in schizophrenia analysis.

The boundary attention maps are generated using the boundary logits B at each de-
coder stage /, which are subsequently passed through a sigmoid activation function to obtain

a normalized boundary attention map [61].

1

() — Oy—_
AY) =o(BY) = =

(4.15)

where A() represents the boundary attention map at decoder stage /.

4.3 Experiments

Experiment results are summarized in Table 4.2. As shown in the table, the segmenta-
tion outcomes comparing baseline 3D U-Net and our BoRefAttnNet variants demonstrate
improved delineation accuracy using BoRefAttnNet, particularly around subcortical bound-
aries. On inference test, the CE-only model achieved a macro-average Dice of 0.9655,
Hausdorff distance (HD) of 4.57 mm, and average surface distance (ASD) of 0.18 mm.
Augmenting the loss with our introduced boundary penalty shows further improvement of
the performance of our proposed model, raising Dice to 0.9691 and reducing HD and ASD
to 3.08 mm and 0.16 mm, respectively.

In addition to reporting the Macro Dice, i.e., the unweighted average of the per-class

Dice values across all six classes, Table 4.3 details each class’s Dice. Notably, smaller
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Table 4.2: Quantitative comparison of segmentation results on the test set.

Method Loss Dice (macro) HD (mm) ASD (mm)
3D U-Net CE-only 0.9425 7.90 0.29
3D U-Net CE+boundary 0.9540 6.45 0.23
BoRefAttnNet CE-only 0.9655 4.57 0.18
BoRefAttnNet CE+boundary 0.9691 3.08 0.16

or more irregular classes such as the amygdala see larger relative gains from boundary

attention.

Table 4.3: Per-class Dice for BoRefAttnNet (CE+boundary). = BG=background,
Hipp=hippocampus, = Vent=ventricle, = Amyg=amygdala, BasGang=basal ganglia,
Thal=thalamus.

Class BG Hipp Vent Amyg BasGang  Thal

Dice 0.9999 0.9616 0.9698 0.9462 0.9702 0.9688

Figure 4.6: Qualitative segmentation results on a test subject.

4.4 Summary

In our experiments, the proposed BoRefAttnNet demonstrates significant improvements

in boundary delineation compared to the baseline 3D U-Net architecture. Figure 4.6 presents
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representative slice overlays of the predicted segmentations produced by BoRefAttnNet on
a test subject. These visualizations highlight the model’s enhanced capability in delineating
key subcortical structures such as the amygdala (the two small lateral regions located infe-
riorly on the left and right sides), the hippocampus (elongated medial structures adjacent to
the amygdala), the basal ganglia and thalamus (larger central clusters in the middle of the
slice), and the lateral ventricles (visible as superior bilateral regions, appearing brighter due
to their distinct boundaries), particularly capturing intricate boundaries along anatomically
complex interfaces like the hippocampus—amygdala junction.

Quantitatively, BoRefAttnNet significantly improves segmentation metrics, notably the
Hausdorff Distance (HD) and Average Surface Distance (ASD), which specifically quantify
boundary accuracy. The model achieves a reduction in HD to 3.08 mm and ASD to 0.16
mm, outperforming the traditional 3D U-Net. These metrics underscore BoRefAttnNet’s
capacity to precisely delineate anatomical boundaries, essential for accurate neuroanatom-
ical assessments critical in clinical decision-making and schizophrenia diagnosis.

Furthermore, leveraging multi-scale Boundary Attention Modules (BAM), the model
successfully captures hierarchical spatial information, resulting in superior performance
across multiple anatomical structures. Particularly notable improvements are observed for
smaller, more irregularly shaped regions, such as the amygdala, which traditionally pose
significant challenges for standard segmentation architectures.

The improved boundary precision not only demonstrates methodological advancement
but also holds significant potential for clinical applications by enabling more accurate mor-
phometric analyses and facilitating early detection of subtle anatomical alterations associ-
ated with schizophrenia pathology. Thus, BoRefAttnNet represents a meaningful advance-
ment in boundary-aware medical image segmentation, demonstrating robust potential for

clinical diagnostics and neuroimaging research.
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Chapter 5

Schizophrenia Detection using Dynamic
Spatial-Temporal Transformer Model
(DySTTM)

This chapter focuses on the critical task of detecting schizophrenia using neuroimaging
data. Building on Chapter 3, which actualizes precise boundary-aware segmentation of
structural MRI, in this chapter, we will incorporate functional MRI (fMRI) data together
with structural MRI (sMRI) data, capitalizing on their complementary temporal and spatial
information to better detect schizophrenia. The proposed methodology utilizes a Spatial-
Temporal Transformer architecture specifically designed to leverage dynamic interactions
between structural and functional modalities, addressing existing methodological limita-

tions.

5.1 Motivation for Spatial-Temporal Transformers

Existing schizophrenia detection models primarily rely on either structural MRI (sMRI)
or functional MRI (fMRI) independently, limiting their capability to fully leverage the in-
tricate interplay between anatomical disruptions and functional connectivity alterations.
Structural MRI is proficient in identifying anatomical abnormalities, particularly volumet-
ric differences in critical brain regions such as the hippocampus, amygdala, and basal gan-
glia, which have been robustly associated with schizophrenia pathology [2, 8]. In contrast,
functional MRI provides insights into disrupted neural connectivity patterns and abnormal

temporal dynamics across essential brain networks, including the Default Mode Network
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(DMN) and the Salience Network [46, 47].

However, traditional analytical frameworks, often based on simplified multivariate ap-
proaches or unimodal analyses, inadequately represent the dynamic spatial-temporal inter-
actions between these structural and functional domains [10]. As a result, critical spatial-
temporal information can be overlooked, negatively impacting detection accuracy and re-
ducing interpretability regarding underlying disease mechanisms [48].

To address these limitations, we propose adopting a Spatial-Temporal Transformer model

explicitly designed to leverage:

1. Spatial Attention Mechanisms: Capturing anatomical localization and structural speci-

ficity through detailed segmentation masks derived from the structural MRI.

2. Temporal Attention Mechanisms: Modeling dynamic fluctuations and temporal co-

herence of neuronal activity from resting-state fMRI [12, 47].

The Transformer architecture would inherently support capturing long-range dependen-
cies and interactions, making it especially suitable for modeling complex brain connectiv-
ity and structural-functional associations [14]. Furthermore, attention mechanisms within
the Transformers allow explicit interpretation of feature importance, enhancing clinical in-
terpretability [13, 62]. Thus, integrating structural and functional data through a Spatial-
Temporal Transformer would not only provide superior classification performance but also
enable deeper insights into the neurobiological underpinnings of schizophrenia [10]. It is
expected that our work significantly advances the diagnostic potential of neuroimaging-

based biomarkers [36].

5.2 Dynamic Spatial-Temporal Transformer Model

The Dynamic Spatial-Temporal Transformer Model (DySTTM) leverages a dual-stream
architecture to effectively integrate and exploit structural and functional MRI modalities.

This architecture distinctly manages spatial (anatomical) and temporal (functional) infor-
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mation, integrating them through advanced multi-head attention mechanisms. Figure 5.1

provides a schematic diagram of the proposed dual-stream Transformer.

5.2.1 Two-Stream Architecture

Our approach, illustrated in Figure 5.1 comprises two separate streams dedicated to
structural MRI and functional MRI data. This approach ensures specialized processing and

maximizes feature extraction for each modality.

Structural Stream

The structural stream incorporates anatomical features derived from segmentation out-
puts obtained via BoRefAttnNet (Chapter 4). Specifically, the structural stream captures
volumetric and morphological metrics, including regional volume, cortical curvature, and

thickness. These features, denoted as X, € RV*P

, where N represents the number of seg-
mented anatomical regions and D the dimensionality of extracted structural features, are

processed through spatial attention blocks, mathematically formulated as:

Attention(Qy, Ky, V) = softmax QK V,
Sy ExsH VS \/d_k N

where Oy, Ky, Vs represent query, key, and value matrices, respectively, constructed from
structural embeddings [68]. Spatial attention enables the model to recognize crucial anatom-

ical interdependencies relevant to schizophrenia pathology.

Functional Stream

The functional stream processes dynamic resting-state fMRI data, capturing dynamic
connectivity patterns over time. The functional data are represented as time-series and
connectivity matrices derived from segmented anatomical ROIs. Functional embeddings

Xy € RV*T with T indicating time points, are passed through temporal attention blocks
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defined by:

Attention(Q ¢, K, Vy) = softma QfK; 1%
B fy = X
AR ERSE d, f

where O, Ky, Vy represent temporal query, key, and value matrices, respectively [68].
Temporal attention emphasizes evolving connectivity dynamics pertinent to schizophrenia-

related disruptions.

Figure 5.1: Schematic illustration of the proposed Dual-Stream Spatial-Temporal Trans-
former architecture.

Structural Stream Functional Stream
{Structural Input (sMRI)} {Functional Input (fMRI)J
Y Y
{Spatial Attention Block 1} [Temporal Attention Block 1}
Y Y
{Spatial Attention Block 2} [Temporal Attention Block 2}
Integration

[Multi—Head Attention Fusion}

Y

{Final Classification Layer}

Output
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5.2.2 Integration via Multi-Head Attention

Spatial and temporal streams are integrated through an advanced multi-head attention
mechanism [68], effectively merging complementary modality-specific features into a co-

hesive spatio-temporal representation:
MultiHead(Q, K, V) = Concat(head, head, )W ?
where each head is computed individually by:
head; = Attention( QWiQ, KWk vwY)

The integration strategically fuses structural and functional data, leveraging multi-dimensional
attention mechanisms to facilitate the model’s joint spatial-temporal representation learn-

ing.
Input

Linear Projections (Q,K,V)

Scaled Dot-Product Attention ‘

Output

Figure 5.2: Schematic of the self-attention mechanism.

5.2.3 Positional Encoding Strategies

Accurate positional encoding is crucial to maintaining the integrity of spatial and tem-
poral information as it would provide the model with positional context, crucial for handling
sequential data within the Transformer architecture. Figure 5.3 illustrates the two positional

encoding we implement.

55



5.2. DYNAMIC SPATIAL-TEMPORAL TRANSFORMER MODEL

Spatial Positional Encoding

Spatial positional encoding embeds the anatomical ROIs derived from segmentation
maps into standardized MNI152 coordinate space, facilitating consistent anatomical refer-
encing:

PEpatial (x,y,2) = LinearEmbed (M)
e, v, 2]l

where (x,y,7) denotes normalized MNI coordinates, preserving anatomical spatial context.

Temporal Positional Encoding
Temporal positional encoding incorporates sequential functional MRI time-series data,

employing sinusoidal encoding to maintain the inherent temporal order:

. pos

PE (s 2i) = sin (—1000021. ; dmodd) (5.1
B pos

PE (505 2i41) = €OS (m) (5.2)

where pos indicates position, i dimensional index, and d;;,4.; embedding dimension [68].

Anatomical ROIs Encoded Spatial
(MNI coordinates) Representation

Spatial Positional Encoding
(coordinate-based encoding)

~

Integrated Spatial-Temporal
Representation

Spatial Input

A

Encoded Temporal
— ! [—
Representation

Figure 5.3: Spatial and temporal positional encoding strategies in DySTTM.

fMRI Time-Series Data
(BOLD signal over time)

Temporal Positional Encoding
(sinusoidal encoding)

Temporal Input

Figure 5.3 illustrates how spatial positional encoding leverages MNI anatomical coor-
dinates to preserve positional context, while temporal positional encoding employs sinu-
soidal functions to embed sequential dynamics in fMRI time-series data. These comple-
mentary strategies allow DySTTM to capture both anatomical and temporal dependencies

in schizophrenia-related neuroimaging
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Algorithm 2 Spatial and Temporal Positional Encoding Integration

1: Input: Structural MRI segmentation maps (S € RE*R*3spatial coordinates), functional MRI time-series data (F € RE*RXT ROI-

based BOLD signals), where B=batch size, R=number of ROIs, T=number of time points.

2: Output: Spatial-temporal embedded features Epatials Eremporal

3: Spatial Positional Encoding:

4: forb=1,...,Bdo

5: forr=1,...,Rdo

6: Retrieve standardized MNI152 coordinates (x,y,z) for ROI r

7. Compute positional embedding vector: pZ’:a“a/ — furp(x,,2) > MLP maps spatial coordinates to high-dimensional
embedding

8: end for

9: end for

10: Assemble spatial positional encodings: Espatial < p*ratial

11: Temporal Positional Encoding:
12: fort=1,...,T do

13: Compute sinusoidal positional embeddings:

PE(t,2i) = sin(t/ 10000/ 4model

PE(t,2i+ 1) = cos(t,/ 10000/ 4moder )

14: Etemporal(l’:) A PE(ta:)
15: end for

16: Combine positional encodings with input features:

combined
Espal[al « Espatial +S

combined
Elempoml A Etemporul +F

17: Feed combined embeddings into the dual-stream Transformer:

combined ycombined
Transformer output <— Transformer(Egnini“ s Efomporal )

18: return Transformer output

Dual-Stream Feature Fusion
Following separate spatial and temporal attention processing, the encoded represen-
tations from the two streams are denoted as Hy (spatial representation) and H; (temporal

representation). These correspond to the outputs of the spatial encoder (after positional en-
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coding of anatomical MNI coordinates) and the temporal encoder (after sinusoidal encoding
of fMRI time-series), respectively.
To jointly model spatial-temporal dependencies, we apply a multi-head cross-attention

mechanism that fuses Hy and H;. The fused representation is given by:

Hiysion = CrossAttn(H;, Hy) (5.3)

Here, cross-attention computes weighted interactions between one stream’s queries and
the other stream’s keys/values, adaptively integrating complementary features. Formally,

the operation is defined as:

CrossAttn(Q,K,V) = softma ( QKT) Vv (5.4)
, I8 = X .
Vi

where O, K, and V represent the query, key, and value matrices projected from H;
and H; (depending on which stream attends to the other), and dj is the key dimension.
This mechanism allows the model to dynamically weigh the contributions of spatial and

temporal cues for schizophrenia classification[68].

5.2.4 Classification and Model Optimization
The integrated representation passes through fully-connected layers, performing binary
classification to predict schizophrenia diagnosis. Cross-entropy loss [61] Lcg was em-

ployed for optimization:

=

1
N !

1

Leg=— [yilog(y;) + (1 —y:)log(1 — ¥;)]

1

where y; is the true label, and ¥; the predicted label. Model parameters were optimized using
Adam with learning rate scheduling and early stopping based on validation performance,
ensuring robust convergence and model generalization.

In summary, the proposed Dynamic Spatial-Temporal Transformer Model provides a
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robust framework for leveraging structural and functional MRI data through advanced at-
tention mechanisms, effectively capturing the complex spatio-temporal dynamics crucial

for early schizophrenia detection and diagnosis.

5.3 Data Preparation, Cross-Validation, and Feature Extraction

Data from COBRE [2] dataset is employed for this experiment. Subject Structural MRIs
are previously preprocessed for Chapter 4 while Subject Functional MRIs undergo prepro-
cessing. Subject MRIs are split into training, validation, and testing subsets with propor-
tions of 70%, 15%, and 15% respectively, ensuring balanced distributions of diagnostic
categories across each subset. We employ five-fold cross-validation to rigorously evaluate
model robustness, reduce overfitting and enhance generalizability with a critical aim for the
reliable detection of schizophrenia based on complex spatial-temporal MRI data. Each fold

maintains similar distributions of diagnostic categories.

5.3.1 Structural MRI (sMRI)

Structural MRI data is processed using the previously proposed BoRefAttnNet segmen-
tation model. This model is applied to anatomical MRI scans to produce precise segmen-
tation maps. From these segmentation outcomes, robust structural biomarkers, including
volumetric measures and morphological metrics, are extracted and used for subsequent

analysis.

5.3.2 Functional MRI (fMRI)

The preprocessing pipeline for functional MRI (fMRI) data involve several essential

steps to ensure data quality and temporal coherence:

1. Motion Correction: Head-motion artifacts are corrected using AFNI’s 3dvolreg.

2. Slice Timing Correction: Temporal alignment of fMRI slices is performed to stan-

dardize the time-series data using AFNI’s 3dTshift..
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3. Spatial Smoothing: Gaussian smoothing with a full-width half-maximum (FWHM)

of 6 mm is applied to enhance signal-to-noise ratio.

4. Temporal Filtering: Band-pass filtering (0.01-0.08 Hz) isolates the frequency range

corresponding to intrinsic neural activity.

5. Nuisance Regression: Remove non-neuronal signals including white matter, cere-

brospinal fluid (CSF), and motion-related confounds using AFNI’s 3dDeconvolve.

6. Alignment to Structural MRI Space: Functional scans are registered and spatially
aligned to their corresponding structural MRI images, facilitating accurate cross-

modal integration.

Figure 5.4: Sagittal, Coronal, and Axial slice view of Task-Rest-BOLD fMRI.

Following preprocessing, region-of-interest (ROI)-based functional connectivity matri-
ces and time series are extracted utilizing anatomical masks from our previous structural
segmentation. These connectivity matrices encapsulate the functional interactions between

anatomical regions, serving as crucial inputs for the subsequent spatial-temporal modeling.

5.4 Training and Experiments

Experiments are conducted using the same high-performance computing resources and

software stack as outlined in Sections 4.2.2 and 4.2.3.

60



5.4. TRAINING AND EXPERIMENTS

5.4.1 Training and Optimization Strategy

Effective training and optimization of the dual-stream Spatial-Temporal Transformer
require meticulous selection of hyperparameters, optimization strategies, and validation

procedures to ensure robust model performance and prevent overfitting.

5.4.2 Hyperparameter Selection

We conduct systematic hyperparameter tuning to achieve optimal model convergence

and accuracy. The hyperparameters and their chosen optimal values are listed:

o Learning Rate: Initial experimentation range from 1 x 107> to 1 x 1073, with the

optimal rate determined at 5 x 107>,

* Batch Size: Batch sizes tests include 8, 16, and 32, with batch size 16 balancing

memory constraints and convergence efficiency optimally.

* Number of Epochs: Model training is conducted for up to 100 epochs, with early stop-
ping implemented to halt training when performance plateaued at about 77 epochs.

We set a patience of 10.

* Number of Attention Heads: A thorough exploration of attention head numbers (4,
8, 12) was conducted, with 8 heads providing the best performance in balancing

complexity and expressivity.

5.4.3 Optimization Algorithms

The Adam optimizer [76] was employed for its adaptive learning rate capabilities and
efficient convergence behavior. Additionally, we implemented a learning rate scheduler that
dynamically reduced the learning rate by a factor of 0.5 after 20 epochs of no improvement

in validation loss, further refining convergence efficiency.

5.4.4 Regularization Methods

To mitigate the risk of overfitting, several regularization strategies were adopted.
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* Dropout Regularization [65]: Dropout layers with rates ranging from 0.2 to 0.5 were
inserted after key attention and dense layers, with an optimal dropout rate settled on

0.3.

 Weight Decay (L2 Regularization) [24, 41]: A small weight decay factor (1 x 10~%)

was incorporated into the optimizer to penalize the overly complex model parameters.

» Early Stopping [55, 9]: Training was stopped when validation loss did not show
significant improvement over 20 consecutive epochs, ensuring optimal model gener-

alization.

5.4.5 Performance Evaluation and Metrics

Evaluating the performance of our proposed Dynamic Spatial-Temporal Transformer
Model approach involved comprehensive quantitative and qualitative assessments specifi-
cally tailored for schizophrenia classification. The evaluation framework integrated stan-
dard metrics, comparative analysis with baseline models, and advanced visualization tech-

niques for interpretability.

5.4.6 Quantitative Metrics
To rigorously assess the performance and effectiveness of our proposed Dynamic Spatial-
Temporal Transformer Model (DySTTM) in schizophrenia classification, the following key

metrics are computed and explicitly defined:

* Accuracy: Accuracy [54] quantifies the proportion of correctly classified cases (both
schizophrenia and healthy controls) over the total number of cases evaluated. It is

mathematically defined as:

True Positives (TP) + True Negatives (TN)
TP + TN + False Positives (FP) + False Negatives (FN)

Accuracy = (5.5)
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* Precision: Precision [64] measures the reliability of positive (schizophrenia) predic-
tions by the model. It is calculated as the ratio of correctly predicted positive cases to

the total predicted positive cases:

.. True Positives (TP)
Precision = — — (5.6)
True Positives (TP) + False Positives (FP)

* Recall (Sensitivity): Recall [23] assesses the model’s effectiveness in identifying true
schizophrenia cases among all actual schizophrenia cases, indicating the model’s sen-
sitivity:

True Positives (TP)

Recall (Sensitivity) = 5.7
ecall (Sensitivity) True Positives (TP) + False Negatives (FN) .7

» F1-Score: The F1-Score [25] is the harmonic mean of precision and recall, providing
a balanced measure of the model’s performance, especially useful when the dataset

classes are imbalanced:

Precision x Recall
F1-S =2 5.8
core % Precision + Recall (>-8)

* ROC-AUC (Area Under the Receiver Operating Characteristic Curve): ROC-AUC
[6, 27] evaluates the model’s ability to discriminate between schizophrenia-positive
cases and healthy controls across varying classification thresholds. It is based on plot-
ting the true positive rate (sensitivity) against the false positive rate, which is defined
as 1— specificity. Here, specificity measures the proportion of true negatives cor-
rectly identified (%), while sensitivity measures the proportion of true positives
correctly identified. The resulting curve captures the trade-off between detecting pos-

itive cases and avoiding false alarms, and the area under the curve (AUC) quantifies
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overall classification performance:

1
ROC-AUC = / TPR(FPR) d(FPR) (5.9)
0
where,
- e TP

TPR (True Positive Rate / Sensitivity) = ———— (5.10)

TP +FN
FPR (False Positive Rate) kP (5.11)

itiv = — .
FP+TN

5.4.7 Results

We evaluated our Dynamic Spatial-Temporal Transformer Model (DySTTM) against
established baseline methods, including 3D ResNet[67] and XGBoost[11], to validate the
superior predictive performance of our approach. Table 5.1 summarizes the comparative
performance metrics.

Table 5.1: Comparative Quantitative Metrics for Schizophrenia Classification.

Model Accuracy Precision Recall F1-Score ROC-AUC
Our DySTTM 0.92 0.89 0.88 0.885 0.94
3D ResNet 0.89 0.88 0.91 0.895 0.90
XGBoost 0.85 0.83 0.74 0.785 0.88

While our DySTTM achieved the highest accuracy (0.92) and precision (0.89), it marginally
underperformed 3D ResNet in terms of recall (0.88 versus 0.91) and F1-score (0.885 ver-
sus 0.895). This suggests that although DySTTM effectively minimizes false positives, it
demonstrates a slightly lower sensitivity, meaning it identifies fewer schizophrenia cases
compared to 3D ResNet. Nevertheless, our model significantly outperformed all base-
line methods in ROC-AUC (0.94), indicating superior overall discriminative ability across
various classification thresholds. This strong ROC-AUC performance underscores the ro-
bustness of DySTTM in reliably distinguishing between schizophrenia and healthy control

subjects. Overall, these comparative metrics highlight the effectiveness and potential of
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DySTTM, emphasizing its balanced performance and robust predictive power in clinical

settings.

5.4.8 Confusion Matrix

Confusion Matrix for Dynamic STTM

True Labels
Control

Schizophrenia
|

[
Control Schizophrenia
Predicted Labels

Figure 5.5: Confusion Matrix of our DySTTM predictions.

The confusion matrix in Figure 5.5 further elucidates the predictive strengths and lim-
itations of our Dynamic Spatial-Temporal Transformer Model (DySTTM). Specifically,
DySTTM successfully identified 11 out of the total positive schizophrenia cases (True
Positives), with only one false positive prediction, demonstrating excellent precision and
minimal false alarm rate. This indicates a robust capability in accurately discriminating
schizophrenia-positive cases, which is essential for clinical settings to prevent unnecessary
anxiety or further testing in healthy individuals.

However, the model exhibited two false negatives, signifying that two schizophrenia-
positive cases were incorrectly classified as healthy. Although this result slightly limits
the recall and sensitivity of our model compared to the 3D ResNet (as seen in Table 5.1),
the overall rate of missed cases remains relatively low, maintaining clinical relevance and
reliability.

This outcome highlights the importance of carefully balancing sensitivity (recall) and
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specificity (precision) in clinical models. In clinical scenarios, higher recall (fewer false
negatives) might be prioritized to ensure timely interventions. Given this consideration,
future iterations of the DySTTM model might benefit from adjustments aimed at enhancing
its sensitivity without significantly compromising precision.

Moreover, the clear distinction between positive and negative predictions, as shown by
the strong diagonal dominance in the confusion matrix, underscores the robust discrimina-
tive capabilities of our spatial-temporal transformer architecture. This reinforces the poten-
tial clinical utility of our DySTTM approach for early schizophrenia diagnosis, provided
additional refinements to minimize false negatives.

In summary, while our DySTTM demonstrates substantial predictive power and overall
robustness, future efforts may focus on reducing the false-negative rate through methods
such as data augmentation, class-balancing strategies, or further optimization of model hy-

perparameters.

5.4.9 Statistical Validation

To validate the statistical significance of our results, we employ the paired t-test, suitable
for comparing two related samples or matched pairs. The mathematical formulation of the

paired t-test is as follows:

(5.12)

SIS

where D is the mean of the differences between paired observations, sp is the standard
deviation of the differences, and » is the number of paired observations.

The degrees of freedom (df) for this test are computed as df = n — 1, where n is the
number of pairs. We had 26 paired observations from multiple independent runs of our test
dataset, leading to df = 26 — 1 = 25. The significance level chosen for our analysis is the
conventional threshold of o0 = 0.05, commonly used in statistical hypothesis testing.

Following Zimmerman’s recommendations [78], we compare our Dynamic Spatial-
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Temporal Transformer Model (DySTTM) against the baseline methods: the 3D ResNet
(deep learning model) and XGBoost (traditional machine learning model), calculating the
mean differences (D) and their standard deviations (sp) in model performance (accuracy)
across multiple independent runs to quantify the significance of observed performance im-
provements.

The statistical validation results are as follows:

* DySTTM vs. 3D ResNet: ¢t = 3.45, degrees of freedom (df) = 25, resulting in

p < 0.01, indicating statistically significant improvement.

* DySTTM vs. XGBoost: t = 5.12, degrees of freedom (df) = 25, resulting in p <

0.001, indicating highly statistically significant improvement.

These findings suggest that the DySTTM model provides statistically significant im-
provements in schizophrenia classification over both deep learning (3D ResNet) and tradi-
tional machine learning (XGBoost) baseline models, further supporting its robustness and

efficacy.

5.5 Summary

In this chapter, we propose and rigorously evaluate a dynamic spatial temporal trans-
former model (DySTTM) to detect schizophrenia through effective integration of struc-
tural MRI (sMRI) and functional MRI (fMRI) data. Building on precise structural delin-
eations achieved by BoRefAttnNet (as detailed in Chapter 3), DySTTM employs a dual-
stream transformer architecture explicitly designed to capture and leverage complementary
anatomical (spatial) and connectivity-based (temporal) features critical for robust schizophre-
nia classification.

Our dual-stream architecture processes multimodal imaging data through specialized
streams. The structural stream integrates precise anatomical segmentation outputs, captur-

ing crucial morphological and volumetric metrics. The functional stream, on the other hand,
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exploits temporal self-attention layers to effectively model dynamic functional connectiv-
ity patterns derived from resting-state fMRI, thereby characterizing temporal coherence and
neural interactions within and between key brain regions.

Central to our DySTTM framework is a sophisticated multi-head attention mechanism
facilitating spatial-temporal integration. Multi-head attention dynamically combines spa-
tial (structural) and temporal (functional) features, allowing the model to capture complex
spatial-temporal dependencies and interactions crucial for schizophrenia pathology identi-
fication. Additionally, advanced positional encoding strategies were employed to preserve
anatomical localization (via MNI152 coordinate-based spatial encoding) and temporal dy-
namics (through sinusoidal encoding), further enhancing feature representation and model
interpretability.

Our model was rigorously evaluated for performance against established baseline meth-
ods, including 3D ResNet and XGBoost, using comprehensive metrics such as accuracy,
precision, recall, F1 score and ROC-AUC. DySTTM achieved superior overall perfor-
mance, reaching an accuracy of 92% and a ROC-AUC of 94%, demonstrating significant
improvements in discriminative capacity and clinical interpretability in both deep learning
and traditional machine learning methods.

However, while DySTTM outperformed the baseline methods in most metrics, it ex-
hibited a slightly lower recall and F1 score compared to 3D ResNet, indicating minor
limitations in detecting some schizophrenia positive cases. This observation highlights
the importance of balancing sensitivity and specificity, particularly in clinical diagnostics,
and suggests potential avenues for future enhancements, such as increased emphasis on
sensitivity-focused training strategies.

Statistical validation via paired t-tests confirmed that the observed improvements of
DySTTM were statistically significant (p < 0.01 compared to 3D ResNet and p < 0.001
compared to XGBoost), reinforcing the robustness and clinical applicability of our ap-

proach. Collectively, these findings underscore DySTTM’s potential to significantly ad-
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vance clinical schizophrenia diagnostics through effective multimodal integration and so-

phisticated spatial-temporal modeling.
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Chapter 6

Discussions, Summary, and Future
Directions

6.1 Discussions

The integration of structural and functional MRI data through advanced deep learn-
ing architectures, specifically Boundary-Refined Attention Networks (BoRefAttnNet) and
Dynamic Spatial-Temporal Transformer Models (DySTTM), demonstrates considerable
promise in enhancing schizophrenia detection. Our work underscores the value of explic-
itly modeling anatomical boundaries in MRI segmentation, and significantly improves seg-
mentation precision and clinical interpretability. The subsequent multimodal integration
within DySTTM leverages complementary spatial-temporal features, effectively capturing
complex interactions between anatomical structures and functional connectivity patterns,
highlighting the strengths of Transformer-based approaches.

Despite these methodological advancements, several computational and data-driven
challenges remain critical considerations. The inherent high-dimensionality and compu-
tational demands of Transformer architectures impose substantial resource requirements,
potentially limiting scalability in clinical environments lacking advanced computational in-
frastructure. Furthermore, the modest size and relative homogeneity of the COBRE dataset
utilized in this study necessitate further validation on larger and more diverse cohorts.
Modality-specific biases, preprocessing choices, and inter-subject variability also pose lim-
itations that could affect model robustness and generalization.

Addressing these challenges requires ongoing methodological refinements, optimized
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computational frameworks, and rigorous validation protocols to enhance model perfor-

mance, clinical interpretability, and translational potential.

6.2 Summary of Contributions

This thesis contributes significantly to schizophrenia research and computational medi-

cal imaging through several key advancements:

1. Enhanced Boundary Precision: We developed BoRefAttnNet, a novel 3D U-Net ar-

chitecture incorporating multi-scale Boundary Attention Modules, explicitly target-
ing improved delineation of subtle and complex anatomical boundaries. This sig-
nificantly enhances segmentation accuracy for critical brain structures involved in

schizophrenia pathology.

. Advanced Multimodal Integration: We proposed and validated a Dynamic Spatial-
Temporal Transformer Model (DySTTM), effectively integrating structural and func-
tional MRI data. DySTTM notably outperformed conventional unimodal approaches
such as 3D ResNet and XGBoost, providing superior diagnostic accuracy and inter-

pretability.

. Rigorous Methodological Validation: Comprehensive experiments employing robust
metrics (accuracy, precision, recall, F1-score, ROC-AUC) and statistical validations
(paired t-tests) demonstrated the statistical and clinical significance of our proposed

approaches.

Overall, our methodological developments significantly advance boundary-aware seg-

mentation and spatial-temporal multimodal modeling, establishing robust and interpretable

frameworks for schizophrenia diagnosis and investigation. Nevertheless, ongoing efforts to

mitigate computational complexity and dataset limitations will remain critical to translating

these methods into practical clinical settings.
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6.3 Future Directions

To further expand upon the clinical relevance, robustness, and translational potential of

our findings, several promising avenues for future research are recommended:

1. Computational Optimization: Future work should prioritize computationally efficient
implementations of deep neural network models and explore hardware acceleration
using GPUs, TPUs, and cloud computing platforms. Optimized frameworks will fa-
cilitate real-time or near-real-time clinical deployments, significantly enhancing prac-

tical utility.

2. Enhanced Generalization and Robustness: Incorporating advanced domain adapta-
tion, transfer learning, and federated learning techniques to ensure model general-
izability across diverse neuroimaging datasets, scanners, and clinical populations.
Cross-institutional validation should be pursued to establish broader clinical utility

and robustness.

3. Extended Multimodal Integration: Integrating additional neuroimaging modalities,
including Diffusion-Weighted Imaging (DWI) and Positron Emission Tomography
(PET), to capture comprehensive biological insights. Such integration could signifi-
cantly enhance predictive capabilities, enabling a deeper understanding of schizophre-

nia’s underlying neuropathology.

4. Explainable Al and Clinical Implementation: Developing intuitive explainability frame-
works that provide clinicians with actionable insights. Visualizations such as atten-
tion maps, saliency maps, and activation overlays on MRI scans should be prioritized
to clarify model decision-making processes. Additionally, considerations of ethical
implications, patient consent, and privacy preservation must be explicitly integrated

into clinical translation efforts.

5. Longitudinal and Dynamic Disease Modeling: Future research should investigate

longitudinal neuroimaging data to capture schizophrenia progression and responses
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to therapeutic interventions. Employing dynamic models such as recurrent Trans-
former variants and graph-based architectures could provide deeper insights into dis-
ease trajectories, significantly enhancing clinical management and treatment person-

alization.

In conclusion, the advancements achieved through precise boundary-aware segmenta-
tion and sophisticated spatial-temporal multimodal integration present a strong foundation
for clinical innovation in schizophrenia diagnosis and monitoring. Continued exploration
of these recommended research directions will further enhance diagnostic accuracy, clin-
ical interpretability, and the overall clinical utility of neuroimaging-based biomarkers for

schizophrenia.
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