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Abstract

The gender and age classification based on multimodal brain imaging with LEMON and
HCP datasets are being explored in this thesis. The main feature engineering pipelines
include feature connectivity and network graph parameter analysis in feature selection.
Feature connectivity provided the main contribution to be a dominant feature which resulted
in achieving the majority of accuracy ratio. More to add, the network parameters feature had
added an enhancement to the accuracy in a novel way, they have been tuned in a unique way
by reflecting the original meaning of graph parameters on brain concept (considering the
brain regions as network nodes). While LEMON dataset presented difficulties due to small
sample size and gender class imbalance, balanced data augmentation combined with PCA
for dimensionality reduction and the integration of network parameters improved
classification accuracy. Gender classification on the LEMON dataset has been boosted to
78.5% accuracy via SVM by using MSDL atlas and balanced augmentation. PCA also served
to enhance accuracy to 84%, and 82% for SVM and FFNN on LEMON dataset as well.
Concerning age classification, the accuracy was high at 92% by using SVM and MSDL atlas
with the consideration of merging the network graph metrics with connectivity features.

The HCP dataset outperforms with balanced classes and a large sample size by about 96%
accuracy in gender classification using connectivity features and network parameters.
Underlining the importance of dataset size, feature extraction, and balancing in improving
predicted performance. The thesis emphasizes the effect of merging the feature connectivity
with network graph parameters achieving excellent classification results. Future works may
investigate possibilities of multi-modal integration, advanced methods of augmentation, and
more sophisticated machine learning models for generalization and clinical application.
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Chapter 1

Introduction

1.1 Introduction
There is a long history of using neuroimaging in demographic prediction. Before the

development of in vivo imaging techniques, our understanding of the brain was insufficient
to perform what were considered complex prediction tasks. With the appearance of magnetic
Resonance Imaging (MRI) in the early 1980s and Computed Tomography (CT) in the 1970s,
this was a revolution in this domain enabling more advanced image analysis and altering
neuropsychological research. These developments have improved our ability to understand
and analyze brain structure and find out how it relates to demographic variables. Human brain
activities can provide insights related to demographics (Bigler, 2017). The human brain holds
cognitive functions, behavior, and emotions, which gives us an indication of the ability to
extract information from such features that can be used as applications in human life (Giedd
et al., 2015). This thesis aims to demonstrate the ability to predict demographics such as
(gender and age) from multimodal neuroimaging data such as functional Magnetic

Resonance Imaging (fMRI) and Electroencephalography (EEG).

The motivation of this thesis starts with Neuroscientific Implications, throughout the
lifespan, the human brain experiences dynamic changes, and these changes differ between
genders. These differences can be investigated to gain a deeper understanding of the anatomy
and function of the brain (Gogtay et al., 2004). Moreover, the results can be used in Clinical
Applications for gender and age prediction using non-invasive imaging techniques, which
can help in the early diagnosis and intervention of neurodevelopmental disorders, psychiatric
issues, and neurodegenerative diseases which can help in improving the healthcare sector
(Dehaene et al., 2010). In addition, Personalized Medicine treatment can be achieved, as
brain imaging can be used to predict Sex and brain age, opening the door to individualized
treatment plans and therapies that are based on each person's particular brain profile (Finn et
al., 2015). Furthermore, such results can provide Educational Insights, and understanding
gender differences in learning and age-related cognitive development can change educational
systems (Dehaene et al., 2010). In addition to that, this thesis is important to examine whether
combining different modalities (such as fMRI and EEG) can enhance the accuracy of

prediction for demographics such as gender and age from neuroimaging data, and trying to



obtain the highest possible accuracy for such targets using an appropriate feature engineering
process, taking into consideration the selection of the best model to be applied, and try to
generalize the model to be used on different datasets providing accurate results as

implemented in the datasets related to this thesis.

The prediction of demographics from multimodal neuroimaging data has different issues
and limitations. Neuroimaging data (such as fMRI and EEG) has a sense of variability, it can
be affected by physiological conditions in addition to other factors such as the differences in
brain anatomy which introduce noise signals that can affect the accuracy of demographic
predictions as indicated by (Van Horn & Toga, 2014). Moreover, there are complexities in
analyzing brain activity, such as the need for computational resources to perform some
analyses, especially when the data is large and includes many features. The nature of
neuroimaging data isn’t easy for humans to understand, it requires advanced computational
methods such as deep neural networks (DNNs), which can help in predicting demographics.
However, DNN models require a large dataset, which is another challenge in such a domain
(Sejnowski, Churchland, & Movshon, 2014). In addition, the authors (O’Neil, 2016) have
pointed out two important points, the first is the ethical concern that such prediction results
can be misused in different domains and unethical ways, such as using the results of a model
in the employment cycle to analyze some insights that ethically need permission from the
person, and the second is data privacy, which is one of the main concerns in this domain, the
researcher has to guarantee privacy and prevent unauthorized access to such sensitive data.
Furthermore, there is a challenge in generating a reliable model for predicting demographics
(such as age and gender) from multimodal neuroimaging data especially when it is used in a
sensitive decision-making cycle such as criminal cases, the model — in such cases — must be
capable to be generalized and produce accurate results (Jones et al., 2020). Finally, one of
the main challenges in dealing with neuroimaging studies is the difficulty to the collect data.
This process needs the participation of individuals, which isn’t an easy task, and — in most

cases- it requires a financial budget to collect such data (Finn et al., 2015).

In conclusion, this thesis aims to provide a computational model that can compete with
other studies in terms of accuracy, it uses both machine learning and deep learning models.

Moreover, it provides some insights into how to deal with small datasets and how we can



develop models that are capable of dealing with limited data sizes. It also discusses the issue
of generalizing such models so that they can be widely used in appropriate domains.

1.2 Problem Statement
The prediction of demographics from healthy subjects becomes an essential issue as it will

help in understanding many phenomena related to the diseases and health issues that may be
affected by gender or age classification as mentioned by (Singh et al, 2022). In addition, this
thesis will address the challenges associated with this process due to the structure of
neuroimaging data, which requires advanced methods for analyzing the patterns and
extracting meaningful features. Furthermore, it will address the difficulty of dealing with
limited datasets and how to ensure that the generated model is highly accurate and stable
when applied to other similar datasets. Finally, this thesis will try to overcome the issues
related to the noisy signals that come along with neuroimaging data. The research problem
Is about addressing a solution for predicting subject-specific demographics from healthy
subjects with high accuracy compared to the published studies, the classification problem
includes gender and age. In particular, this work will attempt to investigate the effect of
combining different features from different modalities and how this can positively influence

the accuracy of the classification.

1.3 Research Objectives
This research has three main objectives, the main focus is related to investigating the

effectiveness of extracted features from EEG and fMRI resting state data to predict subject-
specific demographics from healthy subjects such as gender and age, it also investigates the
ability to mix different features from different modalities seeking for high accuracy for
classification problems that can add to existing related work. Moreover, it identifies the most
effective and important features that affect the accuracy. Also, it addresses methods to deal
with small and unbalanced datasets without affecting the accuracy of the classification as the

dataset size is one of the main concerns for researchers in such fields (Finn et al., 2015).

1.4 Research Questions and Methodology
This thesis has three main questions that need to be answered based on the results, they are:

- What are the most effective features to be used for predicting subject-specific

demographics from the health subjects?



- Can different features from different pipelines be combined to improve the quality of
the prediction?

- What are the possible methods to improve the accuracy of classification for gender
and age from multimodal neuroimaging data when dealing with small and unbalanced

datasets?

The methodology used in this research starts with having access to an online dataset called
the LEMON dataset by (Babayan et al., 2019), which consists of fMRI data from 211
subjects, recorded during a task-free resting-state condition. In addition, another dataset
called the HCP-1200 dataset published by Human connectome project, was used, which
consists of 1200 subjects with the same measurement characteristics for fMRI (resting-sate
recordings). This dataset was used to test the performance of the model on a larger dataset.
Appropriate masks were then applied to these images to extract regions of interest (ROISs).
We then went through the feature engineering process and data pre-processing phase to select
the best features to be used as input for training Machine learning models, which were
Support Vector Machine (SVM) and Deep Neural Network (DNN). An additional feature
engineering process was added by extracting network graph features such as Degree
Centrality (DC), Average Clustering Coefficients (CC), and Maximum Path Length (PL) and
trying to combine them using connectivity features from ROI to get better accuracy for the
gender and age classification processes. Finally, an augmentation process was applied to the
LEMON dataset trying to increase the number of samples, the unbalanced classes were a real
problem, and therefore a balanced augmentation method was used.

The use of two datasets provided an opportunity to test the model on different data, giving
the model a real test of the generalization concept. The HCP data was tested on different sizes
(200, 400, 800, and 100 subjects) to investigate the effect of increasing the number of samples
in such a study, and to ensure that the comparison between the two datasets can be made at

a similar size which is 200 subjects in common.

1.5 Thesis Organization
This thesis will start with an introduction chapter that includes an overview of fMRI

images, the problem statement, the thesis objectives, the research questions, the used

methodology, and finally the organization of the thesis. It will then go through a background



and the current related work Chapter to gain insights about this topic and go through the
existing work in such domain. In addition, it will go through the model design and
development chapter providing more details about the used design and the development
process that led to building a classification model for the research problem. The next chapter
will focus on presenting the results and the related discussion, taking into account the details
that led to such results, supported with a scientific explanation. Finally, at the end of the
thesis, a conclusion chapter is provided. This chapter will summarize the thesis and offer
insights into potential future work and potential related ideas stemming from this study. It

also serves as an opportunity for future research.



Chapter Two

Literature Review

2.1 Introduction to fMRI
Functional Magnetic Resonance imaging (fMRI) is a neuroimaging modality capable of

measuring ongoing brain activity. Rather than structural MRI, which focuses on the
anatomical structure of the brain, even though structural MRI images are important in
mapping the brain regions, fMRI provides information about the dynamics and changes in
brain activity based on changes in the level of oxy- and deoxyhemoglobin in the blood
vessels. When a brain region becomes more active, it consumes more oxygen, thus the blood
flow will increase in that region to meet the increase in oxygen demand (Huettel, Song &
McCarthy, 2004). fMRI records the so-called blood-oxygen-level-dependent (BOLD) signal,
which is indirectly related to the underlying neural activity. This process is known as

neurovascular coupling.

There are many benefits to using fMRI, for example, it provides non-invasive access to
brain activity, with no exposure to low-energy radiation, such as X-ray scans (Van et al.,
2020). More to add, it provides real-time brain activity scanning and it is suitable for pre-
surgical planning (Taschereau, 2022). The image below shows an example of an fMRI scan

highlighting active brain regions in terms of Oxygen consumption.

Figure 1: fMRI scan where the red areas show active brain regions (Huettel, Song &
McCarthy, 2004)



There are several applications for fMRI scans, (Poldrack, 2011) indicates that fMRI scans
are used to assess brain injury in addition to planning surgery for brain tumors. In research,
fMRI scans are widely used to understand the relationship between brain regions, and
different brain networks have been introduced to select regions of study. Understanding the
connectivity of brain regions has opened the door for investigating the relationship between
brain connectivity and biological differences such as age and gender (Al Zoubi et al., 2022).

The history of neuroimaging went into different development stages, with Wilhelm Conrad
Rontgen's invention of X-ray imaging in 1895 being the first neuroimaging method. With the
help of X-ray imaging, it is possible to image the skull, limbs, fractures, tumors, and other
abnormalities. Paul Lauterbur and Peter Mansfield created magnetic resonance imaging
(MRI) in the 1970s. In contrast to Mansfield's study, which focused on using magnetic
gradient fields to encrypt spatial information in the MRI signal, Lauterbur's work on
employing magnetic fields to produce spatial images was published in 1973 (Lauterbur,
1973). (Mansfield & Morris, 1982). The first MRI scans of the human body, including the
brain, were made using a combination of these two techniques. In the 1950s, positron
emission tomography (PET) was developed by Gordon Brownell and Michael Ter-Pogosian.
They used radioactive isotopes to create images of blood flow in the brain, making it possible
to study brain activity (Ter-Pogossian et al., 1977). Functional MRI1 (fMRI) was developed
in the 1990s. To detect variations in cerebral activity, fMRI monitors changes in blood
oxygen levels in the brain (Ogawa et al., 1990). More recently, the white matter tracts of the
brain have been examined using diffusion tensor imaging (DTI). DTI detects the movement
of water molecules within the brain and makes it possible to see the white matter pathways
(Basser et al., 1994).

Network graph theory is increasingly used in fMRI analysis to facilitate the complex
connectivity of brain regions. Using Graph theory analysis, functional connections between
brain regions are represented by nodes and edges, where nodes represent the brain region
itself and the edges represent the connections between these regions. Network graph theory
has many metrics, such as the degree of centrality, betweenness, maximum path length, and

clustering coefficient.



(Bullmore & Sporns, 2009) Indicates that the use of such metrics helped in understanding
the complex connections between brain regions providing an understanding of neurological
conditions such as autism, schizophrenia, and Alzheimer's disease. In addition, network
graph analysis provides evidence of biological differences and helps in classifying the images

based on gender and age group as indicated by (Lorenzini et al., 2023).

There are many research studies conducted on fMRI data, (Bowring, Maumet, C., &
Nichols. ,2019) explored the effect of using different software tools on the results of fMRI
tasks, the research provided a result showing that there is a significant effect the use of
different software tools for analysis, this research provides insights that help in choosing the
appropriate tool. Moreover, (Esteban et al.,2019) introduced a preprocessing pipeline called
(fMRIPrep) for fMRI data, the model provided was robust and well-tested, the pipeline took
into consideration the data consistency and reliability providing high and preprocessing
quality. The authors (Liu et al., 2021) have published a comprehensive study on the use of
machine learning in the classification of autism spectrum disorder (ASD), this study is a
reference because of the valuable insights provided in the feature engineering process for
fMRI analysis. Finally, (Gorgolewski et al., 2011) introduced a data preprocessing
framework in Python called “Nipype”, this tool helps perform the different levels of fMRI

data processing.

2.2 Introduction to the Machine Learning and Deep Learning Models

2.2.1 Support Vector Machine
Machine learning is a part of the Artificial intelligence (Al) concept, it involves many

algorithms that were built based on mathematical models, and it helps in making decisions
and predictions by learning the data behavior and pattern. The training process involves a
tuning phase that helps in making sure the training process is running with the best parameters
to provide optimal results. For supervised machine learning, the features are labeled to
achieve two tasks mainly (classification and regression). In this thesis, support vector
machine, and feed-forward neural networks will be used for sex and brain age classification
for fMRI dataset,

SVMs comprise a set of supervised learning techniques utilized for classification and
regression (Vapnik 1999). They are part of a broader family of generalized linear
classification methods. An inherent feature of SVM is its ability to simultaneously minimize



empirical classification errors and maximize geometric margins, earning it the designation
of Maximum Margin Classifiers. SVM is based on the principles of Structural Risk
Minimization (SRM). It involves mapping input vectors to a higher-dimensional space,
where a maximal separating hyperplane is formulated. Two parallel hyperplanes are created
on either side of the hyperplane that segregates the data. This segregating hyperplane
maximizes the distance between the two parallel hyperplanes. The assumption is that a larger
margin or distance between these parallel hyperplanes corresponds to an improved
generalization error for the classifier (Vapnik 1999). The below image shows linear and non-

linear separation by SVM.
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Figure 2: Linear (left) and non-linear separation (right) in SVM classification
(GeeksforGeeks , 2023)

SVM stands as a contemporary machine learning approach rooted in statistical learning
theory, falling under the category of computational methods introduced by (Suthaharan
2016). Based on the fundamental principle of structural risk minimization (SRM), SVM can
derive decision-making rules that yield minimal errors for independent test sets, effectively
addressing learning challenges (Deng, Wu, and Shao 2008). Its application extends to
tackling issues like nonlinearity, local minima, and high dimensionality. In particular, in
numerous practical scenarios, SVM consistently ensures superior accuracy for long-term
predictions when compared to alternative computational methodologies such as artificial
neural networks (ANN) and k-nearest neighbors (KNN).
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SVM is a widely known method and has been applied with significance in conventional
machining operations, specifically in the enhancement of performance and the anticipation
of pivotal machining results. Efficiently predicting machining performance metrics like
surface roughness, cutting force, and tool life requires the careful optimization of the
machining process, which stands out as its most formidable aspect. Rather than focusing
solely on the challenges inherent in machining, it has been acknowledged that optimizing the
economics of the machining process involves the judicious selection of cutting conditions
such as cutting speed, feed rate, and depth of cut (Aggarwal and Singh 2005). SVM has
emerged as a widely adopted optimization and modeling technique in various machining
processes, with common applications including the prediction of surface roughness, tool
breakage, and tool wear. In (Hsueh and Yang 2009), researchers introduced a novel
diagnostic approach for tool breakage detection in face milling, using SVM. The study
incorporated process parameters such as depth of cut, feed per tooth, spindle speed, and
cutting diameter. The kernel functions considered in this research encompassed linear,

polynomial, and radial basis functions (RBF).

SVM finds diverse and valuable applications in modern machining operations, contributing
to the optimization and efficiency of various processes. In contemporary machining
processes involving chemical, thermal, or electrical methods for material removal, (L. Zhang
et al. 2010) employed SVM with a multi-objective approach to create a hybrid model for
optimizing processing parameters in micro-EDM (Electrical Discharge Machining). The
researchers identified peak discharge current, pulse duration, pulse-off time, capacitance,
electrode rotating speed, and servo reference speed as pivotal process parameters. These
parameters exert diverse influences on processing time (PT) and electrode wear (EW). Both

PT and EW are significant input targets in the optimization process.

The authors (D. Zhang and Sui 2011) presented a condition monitoring approach for rolling
bearings utilizing an auto-regressive (AR) model in conjunction with SVM during Electrical
Discharge Machining (EDM). The incorporation of SVM effectively addressed traditional
classification challenges, encompassing local minimization, selection of neural network
(NN) structure, and issues related to overfitting. SVM showed remarkable success in

monitoring the bearing condition of mechanical components. In a separate study, researchers
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(Sugumaran, Sabareesh, and Ramachandran 2008) established a fault diagnosis system for
roller bearings in EDM machining, employing a neighborhood score multiclass SVM. Given
the widespread usage of roller bearings as crucial rotary elements in machinery, the study
employed the Radial Basis Function (RBF) as the kernel function. The methodology
integrated a kernel-based neighborhood score multiclass SVM for classification,
supplemented by a decision tree to address future selection processes. The investigation into
the application of a multi-class SVM highlighted its efficacy in diagnosing fault conditions

in rolling bearings, presenting a robust approach for fault diagnosis in EDM machining.

The researchers in (Akinnuwesi et al. 2023) proposed to use of a support vector machine
model (SVM-PCa-EDD) to enable early differentiation between prostate cancer (PCa) and
benign prostate hyperplasia (BPH). Trained on a PCa dataset, the SVM model addresses
Issues such as class imbalance and dimensionality reduction. In contrast to logistic regression
models, SVM-PCa-EDD demonstrates notable performance with 90% accuracy, 80%
sensitivity, and 80% specificity. This indicates its potential for facilitating early diagnosis,
particularly in healthcare settings with limited resources. The study in (Cinar et al. 2009) also
attempts to develop an expert system with a classifier for early organ diagnosis, avoiding the
need for biopsy. It explores the relationship between BMI, smoking, and prostate cancer
using data from 300 men. Classifiers like artificial neural networks (ANN) and SVM were
used. The results showed that smoking increased the risk of prostate cancer, while BMI had
no significant impact. The proposed system could assist family physicians in the Turkish
Family Health System by generating risk maps and guiding patients toward appropriate

treatments through the expert system.

2.2.2 Feed Forward Neural Network
Neural Networks (NNs) are a set of algorithms that mimic the way the human brain works.

They are designed to recognize patterns depending on a large database of prior examples
(Islam, Chen, and Jin 2019). Due to their high performance, adaptive capabilities, fault
tolerance, and ability to be implemented on a large scale, NNs are used in various domains
(Murat., 2006) (Ozanich, et al., 2020). These domains include pattern recognition, signal and
image processing, and stock market prediction (Murat., 2006). Despite the great results on

NN performance, the central critical aspect for network designers is to choose the appropriate
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network size for the desired application, since the size of the NN affects the learning time,

complexity, and generalization capabilities (Enrico., 1994).

The basic building block of NN is the “neuron,” which can be defined as a processing unit.
An NN is a group of neurons connected by synaptic weights, as shown in Figure 3 (Thorat
et al., 2016). The neuron the weighted information from the neurons which are connected
through these synaptic connections and produces an output using the weighted sum of the

input signals through an activation function (Murat., 2006).

The basic building block of NN is the “neuron”, which can be defined as a processing unit.
NN is a group of neurons connected through synaptic weights, as shown in Figure 4 (Thorat
et al., 2016). The neuron receives the weighted information from the neurons it is connected
to through these synaptic connections and produces an output using the weighted sum of the

input signals through an activation function ( Murat., 2006).
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Figure 3 Feed Forward Neural Networks (FFNN) neuron and Activation Function which
calculates the output based on the input and weights (Thorat et al., 2016)

Network architectures are separated into two categories depending on the connection type
between the neurons, “feed-forward neural networks” (FFNN) and “recurrent neural
networks” (RNN). The main difference is that if there is no feedback from the output neurons
toward the input ones, then the network is referred to as FFNN (Murat., 2006) and (Islam et
al., 2019).

FFNN is one of the simplest ANNSs, as information travels through the network in only one
direction, forward from the input to the hidden layers and output nodes, as shown in Figure
4. It is also known as a Multi-Layer Perceptron (MLP) (Islam et al., 2019). MLP consists of
at least three layers: input, hidden, and output layers (Thorat et al., 2016).
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Figure 4 FFNN architecture consists of input, hidden, and output layers (Thorat et al.,
2016)

In FENN, the number of outputs and input nodes is fixed. The architecture (the number of
hidden layers and neutrons in each) is determined according to the complexity of the training
data (Aldakheel, Satari, and Wriggers 2021). The training process has two main types:
supervised and unsupervised training. Unsupervised training is when the desired outcome is
unknown, so the model is provided with a group of patterns and left to learn from them and

separate the data within several specified iterations (Svozil, Kvasnicka, and Pospichal 1997).

Usually, the network training process for classification problems includes two main tasks:
choosing the appropriate network architecture and adjusting the network weights; these
weights are used to perform the classification process and separate the different classes within
the Bayesian theorem framework (Hasasneh 2014). In the training phase, the neutron weights
are initially initialized and updated until the predefined criteria are satisfied. These criteria
can be reaching the maximum number of epochs, the maximum training time, and decreasing
performance compared to the last time (Aldakheel, Satari, and Wriggers 2021), (Asadi and
Kareem 2014).

The optimization problem for supervised learning can be expressed as the summation of
the squared errors between the output activations and the target activations. At the same time,
the time complexity is mainly related to the number of weighted functions in the hidden

layers and the number of epochs (aka iterations) (Asadi and Kareem 2014).



14

FFNN is applied in many challenging areas, including computer vision, speech recognition,
and natural language processing (NLP), where the classification of the target classes is
complicated. This type of NN is easy to maintain and suitable for noisy data (Islam, Chen,
and Jin 2019), (Li et al. 2022). There are many applications for FFNN in classification
problems, (Cai et al., 2021) used the FFNN model to classify arrhythmia from
electrocardiogram (ECG) data, the used dataset published by the Massachusetts Institute with
48 ECG records, the model provided an accuracy of 97%. Moreover, (Sen et al., 2014)
achieved a high accuracy using FFNN model to classify the sleep stages using EEG data.
(Fayaz et al., 2022) predicted the rainfall using FFNN model, the use of such a model shows
a better error measure compared to other regression models such as SVM. (Shafiullah et al.,
2018) Added research on the classification and detection of distribution fault grids using

FFNN model, the model provides a significant accuracy of 99%.

2.3 Related Works
(Mendes et al.,2021) published a study, where the authors aimed to predict the

chronological age of individuals in addition to gender classification, the participants' dataset
contains biological measures including neuropsychiatric disorders, and the dataset contains
structural magnetic resonance imaging (SMRI) data obtained from two different public
datasets (ABIDE-I1 and ADHD-200). Individuals were categorized into three groups, healthy
controls (HC) and groups with attention deficit hyperactivity disorder (ADHD) and autism
spectrum disorder (ASD). In this study, gray and white matter were used for data processing
along with voxel-based morphometry (VBM). Then, a 3D convolutional neural network was
used to train the model for gender classification, age prediction, and mental health status
estimation. For the ADHD-200 dataset, the results for these targets were as follows, Mean
Absolute Error (MAE) = 1.43 years for age prediction and AUC=0.85 for gender
classification. For ABIDE-II, the MAE) = 1.57 years for age prediction and AUC=0.89 for
gender classification. The image below shows the extracted ROIs used for this study, (a)

represents the top ROIs used for gender classification and (b) related to age prediction.



Figure 5: Regions of interest (ROIs) used for age and gender classification (Mendes et
al.,2021)

Another study conducted by (Al Zoubi et al.,2022) performed gender classification on data
consisting of 5500 resting-state fMRI data from five independent cohorts, focusing on the
blood-oxygen-level-dependent (BOLD) signal and especially the fraction of Amplitude of
Low-Frequency Fluctuations (fALFF) and the amplitude of low-frequency fluctuation
(ALFF). The extracted features used as an input for logistic regression, Random Forest,
XGBoost and Gaussian Naive Bayes (GaussianNB), and Deep learning models to classify
the gender for each sample, the ALFF and fALFF feature were extracted using a previously
defined mask to extract the ROIls. The classification results were high with AUC > .89, and
it was found that the linear models are best in this case rather than the nonlinear models. The
diagram below shows the architecture of the deep learning model that is used for gender
classification. It contains different layers that are responsible for reducing the number of

features through the learning process by using a Max pooling block.
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Figure 6: Deep learning model structure (Al Zoubi et al.,2022)
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(Fan et al., 2020) published a paper that successfully increased the accuracy of gender
classification using a dataset consisting of 1050 resting-state fMRI data gained from the
Human Connectome Project (HCP). In addition to gender classification, this study also
investigated the ability to predict the intelligence of the participants. An advanced deep
learning model was used, combining long short-term memory (LSTM) and convolutional
neural network (CNN) in addition to SVM (Figure 7). The model analyzes the dynamic
feature connectivity (dFC) to analyze the temporal and spatial features that help in achieving
the study aims. This study succeeded in achieving a significant accuracy for gender
classification with about 93% and 0.31 Pearson’s correlation coefficients for intelligence
prediction, this study indicated higher accuracy metrics compared to other studies. The
authors (Vergun et al., 2013) have worked on understanding the gender and age differences
related to functional brain connectivity. The dataset consists of 65 individuals (three scans
for each subject) which was obtained from the 1000 Connectome Project (Vergun et al.,
2013). They used feature connectivity information extracted with ROIs, the SVM was used
to classify the gender with an accuracy of 84%, and the SVM regressor was used to predict
the age with an R-squared value of 0.419. Moreover, (Retico et al., 2016) used SVM to study
the effect of gender on the neuroanatomy of children with autism, the data consisted of 152
scans for SMRI, and the SVM model showed a significant effect of gender for the target of
the study. The authors (Rosa et al., 2015) also used the SVM as well to discriminate
psychiatric patients from fMRI healthy subjects, the accuracy for major depressive disorder
(MDD) reached out to 72%.
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Another study by (Sen et al., 2020) described a biological gender classification for a
dynamic functional connectivity model to classify the biological gender using the random
forest classifier, the used dataset is HCP which is available online and the same as used in
this thesis, it had been gathered as fMRI data in resting state, and the data was pre-processed
by identifying the region of interest and applying the dynamic connectivity matrices and
dynamic network analysis such as Independent Component Analysis (ICA) to be ready as an
input for the regression model. The accuracy of the model was 97% for females and 87% for
males. Another high accuracy was achieved by (Kaushik et al., 2018) on a model of
predicting the age and the gender of 60 subjects (females and males) in relaxed positions with
eyes closed by EEG analysis by using the deep LSTM, the accuracy for predicting the age
and the gender was 93.7% and 97.5 respectively.

A study conducted by (Meszlényi et al., 2016) investigated the use of Dynamic Time
Warping (DTW) distance to identify similarities between the different regions of the brain
area based on BOLD signals, which reflect the connections between brain regions. The study
found that using this approach enhanced the results compared to the traditional method of
measuring similarities using correlation coefficients. The dataset was obtained from the
Functional Connectomes Project with 1000 fMRI healthy subjects in resting state. In addition
to that, the authors aimed at classifying both, gender and attention deficit hyperactivity
disorder (ADHD). The classification results for gender and ADHD in both approaches (DTW
and Traditional Correlation Coefficient) were found to be 0.74 for gender and 0.60 for ADHD
when using DTW, and 0.42 for gender and 0.44 for ADHD when using correlation coefficient
showing a significant enhancement by using DTW model, the classification was done using
SVM model. More to add, (Zhang et al., 2018) published a paper on predicting gender for
fMRI data using connectivity features, the dataset used was large with about 820 subjects
obtained from the Human Connectome Project (HPC). The study aimed at investigating the
effect of psychopathologies such as autism and depression on gender differences. A partial
least squares (PLS) regression model was used to predict the gender with 0.881 +0.006 and
79.9%+0.9% for AUC and accuracy, respectively. This study provides additional evidence
of model robustness by selecting the training and testing data from different fMRI runs.
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Within the same domain, (Weis et al.,2020) used SVM to classify gender for two datasets
of fMRI data obtained from the Human Connectome Project, the first dataset consisted of
434 subjects with 217 males, and the second sample contained 310 samples with 155 males.
The interesting point in this study is the analysis of the effect in classification results by using
different ranges of voxel sizes (Voxels), the highest accuracy for the first sample was 75%
and 72% for the second sample. This research demonstrated a clear relationship between
brain connectivity data and gender. However, this research didn’t provide clear evidence of
model generalization and the ability to apply such models to different datasets. Another
application of gender classification was performed by (Arslan et al.,2018). The researcher
used Graph convolutional networks (GCNSs) to classify gender from data obtained from UK
biobank with 5000 fMRI healthy subjects in a resting state, this approach provided a good
measure of accuracy with an average of 86% classification accuracy results across different
folds. (Onal et al., 2020) used the human connectome fMRI data representing healthy
subjects reordered through cognitive tasks, the study presents a multi-resolution analysis by
converting fMRI signals into sub-bands using DWT, then representing brain regions by using
a constructed mesh network, rider regression had been used to quantify such networks and
connections. For each subject, multi-function mesh networks were generated taking into
consideration the number of sub-bands and cognitive tasks reported during the data collection
process. The machine learning model was successful in classifying gender. This integrated
approach with mesh networks achieved a higher accuracy for classification tasks as compared
to using a single sub-band task network. The average accuracy achieved for the integrated
approach was found to be 92%.

(Billmeyer and Parhi, 2021) used another approach for biological gender classification, it
was based on using Hyperdimensional (HD) computing which uses high dimensional vectors
for the process of computation, this approach is popular for fast learning and robust data
representation. This research utilizes a dataset for resting-state involved with task fMRI, the
data is obtained from a human connectome project which is a database available online. The
HD computational model can be used to perform classification tasks, it can find and predict
strong features that can be used in achieving the classification target, this can be done using
dFC. Such predicted features have been encoded in a high dimensional space using record

encoding. The model was enhanced by using the concept of the adaptive retraining process.
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The obtained accuracy of biological gender classification was 87%, which shows an
enhancement in accuracy with a comparison with edge entropy measures which was 84% in

the same case. The graphs below show detailed plots for the accuracy results.
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Figure 8: on the right is a performance for Accuracy across different tasks, and on the left
:Training Performance using HDC and Retraining (Billmeyer and Parhi, 2021)

(Raison et al.,2021) utilizes the DNN model for classifying the gender, the research applied
a resting-state fMRI data obtained from the human connectome project. The authors used a
CNN model, which was trained over the given dataset. The gender was classified from the
brain spatial maps. The CNN model provided a good result with about 0.1 binary-cross
entropy (BCE) after 22 epochs. A similar approach in using DNN for gender classification
was followed by (Zhao et al., 2020), the study aimed to find the gender differences using
features obtained from the dynamic connectivity process, and the used datasets were obtained
from the human connectome project (sp1200) with resting-state conditions, the full
connectivity patterns had obtained, the study proposes feature ranking method using DNN to
identify the most important features that can lead to the best optimal classification accuracy.
In addition to that, Bayesian deep learning is used to provide uncertainty levels in addition
to classification accuracy. The model provides a different range of accuracies from 83% up
to 94% based on the number of ICA components used for functional connectivity input, the
model robustness was tested through 50 random selections for training and testing data parts.
In addition, (Supekar et al., 2022) achieved an average accuracy of 84% for gender
classification, the DNN model was applied to resting-state data consisting of 773 healthy
subjects which were collected through Autism Brain Imaging Data Exchange (ABIDE) in

addition to a part of the data which had been collected by the researchers themselves.
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For the use of FFNN model in classification problems with fMRI data, (Eslami et al., 2019)
used such a model to classify autism spectrum disorder (ASD), the dataset was collected from
Autism Brain Imaging Data Exchange containing 1035 subjects which were collected from
17 different brain centers, the machine learning results outperform the state of the art for the
proposed dataset and task with a maximum accuracy of 82%. In addition, recent research
conducted by (Pilli et al., 2023) worked on a dataset consisting of 115 sMRI scans obtained
from the OpenNeuro database with three different age groups (young, older children, and
adults), they sought to investigate the anatomical changes associated with age. The
methodology was to apply segmentation for the brain scans into different tissues,
Cerebrospinal Fluid (CSF), Gray Matter (GM), and White Matter (WM), the features were
extracted from these segmented objects using a pre-trained model called ResNet-50 network
and the classification was driven by ensemble deep random vector functional link (edRVFL)
network with an accuracy of 93% for CSF, 98% for WM and 96% for GM.

Network graph theory plays an important role in classification problems for fMRI images
as indicated by (Zuo et al.,2012). The authors (Saha et al., 2023) supported this with research
showing that network graph parameters such as degree centrality and betweenness. Also, the
authors (Lorenzini et al.,2023) have recently published a paper that investigates gender and
age differences for fMRI data using the network graph analysis, the study shows that females
show more contrast in the eigenvector centrality (EC) than males, and older participants show
higher peaks compared to young ones. (Khazaee et al., 2014) Aimed to predict Alzheimer's
disease (AD) by analyzing the connectivity feature for fMRI images supported by network
graph theory analysis, 90 ROIs were used with SVM classifier which resulted in an accuracy

of 97% for AD prediction, the number of participants 20 with multiple scans.

2.4 Summary and Discussion
Many of the aforementioned studies, such as (Mendes et al., 2021; Fan et al., 2020), have

worked on different types of data (SMRI, resting-state fMRI) using different models such as
3D CNNs, SVM, and LSTM. These data show the importance of using different methods to
obtain the best classification results for biological differences from fMRI data. In addition,
(Al Zoubi et al., 2022; Vergun et al., 2013) showed the importance of using advanced
learning models such as deep learning models to achieve more accurate predictive models.

The comparison between using static (Meszlényi et al., 2016) and dynamic feature analysis
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on fMRI data provides insights into the different approaches to understanding brain

connectivity.

Different gaps and limitations are obvious based on the literature review, (Mendes et al.,
2021; Al Zoubi et al., 2022) studies show a limitation in model generalization across different
datasets, the model performs well on the dataset it was trained on but fails to provide good
accuracy once used for different datasets with different data acquisition and preprocessing.
Another limitation that can be learned from (Fan et al., 2020) is the cost of interpretability
when using advanced learning models such as the DNN model, such models usually provide
high accuracy, and this raises the question of how to trade off this with model interpretability
especially when these models serve critical sectors such as the medical one, the decision
cycle is crucial and the models must be capable to be interpretable. Moreover, there is a real
challenge in how the network graph theory analysis method can be integrated with other
analysis methods to provide a combined and trustworthy model. (Meszlényi et al., 2016;
Khazaee et al., 2014) Shows a promising methodology of using network graph theory and
DWT, and there is much to be done in this area to provide better analysis and understanding

of the connectivity of brain features.

This thesis will address the above limitations and provide recommendations to add to the
existing knowledge. For the generalization issue, the model will be trained and tested on
different datasets such as LEMON and HCP fMRI datasets. It will use the network graph
theory in addition to feature connectivity analysis, and try to provide more insights and
enhancements for combining different modalities to classify biological differences such as
gender and age. (Zuo et al., 2012; Khazaee et al., 2014) Provided a good model that uses
network graph theory analysis for classification problems related to brain data. The work will
be extended and investigated in such a direction to understand the organization of brain
networks related to gender and age. With the use of feature importance analysis, an
enhancement can be provided for data interpretability along with model complexity which is
an important point of balance between the concepts. Finally, the study will provide a
standardization approach for data preprocessing which will help mitigate the variability

issues and improve the comparability of the study in comparison with existing work. A
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feature importance analysis will help to identify the best features to be included to better meet
the classification goals.

In summary, this thesis aims to apply the fundamental concepts of fMRI analysis to various
datasets to enhance the existing results. The thesis will focus on the concept of combining
the network graph theory with connectivity features to improve classification accuracy.
Additionally, it will provide and compare analyses between different data sizes of data, which
can be helpful when working with a small fMRI dataset and aiming to achieve the highest
possible optimal accuracy. Finally, the model will be tested with a generalization concept to
determine if it can adapt to different datasets.
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Chapter Three

Model Design and Development

3.1 Introduction
This thesis utilized two datasets (LEMON and HCP) related to fMRI healthy subjects to

perform classification tasks for sex and brain age groups. These datasets are available online
and can be downloaded from the Human Connectome website. The group of healthy subjects
is preprocessed and can be used directly for feature extraction with some additional
preprocessing steps. First, the Multi-subject Dictionary learning (MSDL) atlas was applied
to the LEMON dataset for each subject to extract the information related to 39 ROls.
Additionally, a correlation connectivity process was applied for each subject to generate a
connectivity matrix with a dimension of 39x39. These data were vectorized to be used as an
input for the machine learning models. Furthermore, network graph theory analysis was
applied to each connectivity matrix providing different metrics such as degree centrality,
clustering coefficient, path length, and betweenness, which were used in addition to the
connectivity features to enhance the accuracy of classification. In addition to the MSDL atlas
the well-known Schaefer atlas (with 100 ROIs) was used on the LEMON dataset to seek

better feature extraction.

The LEMON dataset runs with unbalanced classes sexing terms of gender (with 33% of
healthy subjects being female and 67% male), which poses a challenge for achieving
balanced accuracy for both classes. In addition, the LEMON dataset is relatively small with
about 200 subjects. To overcome these two issues, a balanced augmentation technique was
used to increase the sample size and to achieve almost balanced classes (i.e., number of
subjects per class). More importantly, it is expected that the accuracy result will increase due
to the applied oversampling method. The risk of overfitting was mitigated using different
techniques which are illustrated in this chapter. The HCP dataset is a relatively large dataset
with almost 1000 subjects. Group independent component analysis (group-1CA) was applied
to all data from which subject-specific sets with different numbers of independent

components are provided in the HCP dataset. The dataset with 50 ICA time series was used
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for further analysis. The number of healthy subjects per class is almost equally balanced with
about 45% to 55% for male-to-female classes, so there is no need for data augmentation.

The merged features from the connectivity matrix and network graph metrics were used as
input for learning models. SVM and FFNN were used for brain age group and sex
classification. Different tuning processes were applied to enhance the accuracy of
classification, and a comparative study was performed on the results of both models.
Moreover, the models were tested with different combinations of features, and different sizes
of HCP data were used to understand the relationship between the size of data and accuracy
performance, which will provide insights into how small datasets can be optimally utilized
to provide robust models and high accuracy. Finally, a generalization test was performed to

ensure that the models can be applied to different types of datasets.

3.2 Model Workflow
This thesis is about utilizing two datasets (LEMON and HCP) datasets which are related to

healthy subjects (fMRI) images, the images go through a feature engineering process by
extracting the feature connectivity matrices for the images. Moreover, network graph theory
was used to extract network graph metrics such as (degree centrality, clustering coefficient,
and shortest path length) to enhance the classification results. Furthermore, two classification

models were used (SVM and FFNN) with a tuning process seeking the best accuracy.

LEMON dataset is unbalanced regarding the gender classes, this led to the introduction of
an augmentation process by dividing the time-series array into smaller parts to increase the

sample size and increase the number of low-class cases.
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The below diagram illustrates the model workflow:

LEMON Dataset (fMRI)

HCP Dataset (fMRI)
with 50 ICAs

N
Network Graph
Analysis

H
H
1
i g
! Model Design
H

Classification Results
Gender and Brain-Age

Figure 9: Model Workflow

The above model summarizes the thesis phases, it starts utilizing the fMRI data from two
sources (HCP and LEMON), extracting the ROIs with time-series transformation, Feature
engineering to extract important features, applying the ICA model to enhance the results,
applying different algorithms for Gender and Age classification, and finally tunning the
model to enhance the accuracy.

3.3 Dataset Description (LEMON and HCP)

3.3.1 LEMON Dataset
Itis a publicly available dataset of 228 healthy subjects containing two age groups, young

(with 145 subjects, age range 20-35 years, 45 females) and Elderly (with 74 subjects, age
range 59-77 years, 37 females). The dataset was acquired cross-sectionally in Leipzig,
Germany, between 2013 and 2015 to study the mind-body-motion interactions. The
assessment took two days resulting in having a completed 3-Tesla fMRI resting-state.

Additionally, a 62-channel Electroencephalogram (EEG) was acquired at rest. During a task-
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free resting fMRI, several measures were obtained, such as (heart rate, blood pressure,
respiration, and pulse). Moreover, different tests were obtained like (blood samples,
Anthropometrics, and drug tests). 21 questions are included which are related to personality
traits, emotional behavior, addictive behavior, eating behavior, and tendencies. Finally, the
dataset contains information about the gender and age group of each participant (which will
be used as classification targets in this thesis) along with raw data and preprocessed versions
of fMRI and EEG data (Babayan et al, 2019). Figure 1 shows the gender distribution, and
Table 1 shows re-distributing the age groups into two groups only (Young and Elderly) to
decrease the number of classes.

Table 1: LEMON dataset — Age Distribution

LEMON dataset - Gender Distribution Age intervals NO. of subjects Groups
Females 20-25 71
33.0% 25-30 29 Young
30-35 12
35-40 1
55-60 4
60-65 18
65-70 24 Elderly
70-75 19
75-80 3
Youth 143
or0% Elderly 68
Males 211

Figure 10: LEMON dataset - Gender Distribution

3.3.2 Human Connectome Project Dataset
This dataset is associated with the Human Connectome Project s-1200 (Human

Connectome Project, 2017). It includes 1200 healthy subjects including 3-Tesla MR images
obtained from 1206 young adult participants (1113 come with structural MR scans). Data
were collected between 2012 and 2015. It also includes 7-Tesla MRI scans for 184 subjects
and 95 subjects also have some resting-state MEG recordings. For the first time, behavioral
retest data are available for 46 subjects. This data has widely been used by many researchers
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in Parkinson's disease studies, network graph theory studies, and gender classification (Fan
et al., 2020), (Zhang et al., 2018), (Weis et al.,2020), (Onal et al., 2020), and (Raison et
al.,2021). The dataset provides 7-Tesla scans, which contain more accurate data compared to
3-Tesla scans. Moreover, the dataset is large with biological information that can be used for

several classification and regression tasks.

This data was preprocessed with different sets of independent components (ICA). In this
thesis, 50 independent components were used, which represent the closest number to the 39
ROIs used in the LEMON dataset. The application of ICA is expected to enhance the
accuracy of classification targets.

3.4 Data Preprocessing and Preparation

3.4.1 For LEMON Dataset:
LEMON fMRI files are available online as raw data files and a preprocessed one, the

preprocessed versions were downloaded in neuroimaging information technology initiative
(NIFTI) format.

1- Deletion of corrupted files: Some of the fMRI files were corrupted and had to be
deleted due to incomplete processing of the data. The total number of recordings is
228, of which 17 are corrupted, resulting in 211 datasets for subsequent analysis.

2- Application of an Atlas: The Schaefer and MSDL atlases were used for analysis,
where each atlas provides a different number of regions of interest (ROIs). ROls are
a subset of brain voxels that are chosen for a detailed analysis. They can be considered
as an anatomical or functional representation depending on the study. The process of

extracting the mean activity per ROI aims at extracting a representative time series
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per ROI instead of having the full data information which involves noisy data
(Varoquaux et al., 2011), see figure that shows the correlation between the ROIs.

0.79

0.39

-0.39

-0.79

Figure 11: Correlation matrix between brain MSDL regions by (Varoquaux rt al., 2011)

3- MSDL atlas is a popular atlas that is available publicly and can be used on fMRI
images. By using this atlas, 39 regions of interest will be tested providing a focused
input of data.

This Atlas consists of 39 ROIls, which are part of the following networks: ['Aud’, 'Aud’,
‘Striate’, 'DMN', ' DMN', 'DMN', 'DMN', 'Occ post’, 'Motor', 'R V Att', 'R V Att', 'R V Att', 'R
V Att', 'Basal', 'L V Att', 'L V Att', 'L V Att', 'D Att', 'D Att', 'Vis Sec', 'Vis Sec', 'Vis Sec',
‘Salience’, 'Salience’, 'Salience', 'Temporal’, "'Temporal', 'Language’, 'Language’, ‘Language’,
‘Language’, 'Language’, 'Cereb’, 'Dors PCC', 'Cing-Ins', 'Cing-Ins', 'Cing-Ins’, 'Ant IPS', 'Ant
IPS'] by (ROBINSON, 2023).

4- Time-Series Generation: after applying the masks on the fMRI images, a time-series
numpy array representing the time stamps with BOLD information for the ROIls. The
generation of time series allows us to have a numerical input available that contains
informative data that can help in feeding the learning models. The figure shows the
process of generating time series per image. The dimension of the generated time-
series is 652x39, which is time-stamps x ROIs, representing the BOLD signal

information extracted for each ROI over the time of image recording.
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MSLD Atlas Processing and
Time-series Generating
Time Series (652, 39)

Figure 12: Time-Series Generation Process

5- Data Augmentation: due to the issue of unbalanced data described before, and
because the LEMON dataset is relatively small, the balanced augmentation method
was used to solve this issue. The augmentation concept is concerned with increasing
the dataset size by generating new samples from the existing samples by different
methods such as using mathematical calculations to generate more samples based on
the existing sample information. Moreover, dividing the time-series data into
different parts is a valid solution. In this thesis, the 652 time series from 39 ROlIs
(652x39) were divided into 4 samples resulting in sub-dimensions of (163x39). The
splitting was done on the time stamp taking into consideration not losing the
information within the time series as per measuring the effect of splitting on the
accuracy. The LEMON dataset runs with unbalanced classes regarding sex (with 33%
of healthy subjects being female and 67% male). Balanced augmentation was
therefore used in a way that time-series slots were split 4 times for females and 2
times for males, resulting in having an almost equal number of time series per class

(280 for each and 560 in total). Figure 5 illustrates the augmentation process.

Females Males
................. Time Series (652 , 39)

Figure 13: Males and Females Data Augmentation

3.4.2 For HCP dataset:
This dataset is preprocessed with 50 ICAs, , the sample size of the dataset is relatively high

with 1200 subjects and the classes are balanced. So, the process of applying a mask (such as

MSDL or Scheafer) and augmentation was suspended. Regarding the thesis workflow, the
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HCP dataset is preprocessed and goes directly into the feature engineering process. The
subject time-series dimensions are 4500x50, as HCP objects have a longer time record
compared to the LEMON dataset.

3.5 Feature Selection and Engineering

3.5.1 Feature Connectivity
There is an interaction between the brain regions which can be used to extract features and

use it to study some biological and mental cases which is the connectivity process (Iraji et
al.,2016). In this thesis, the connectivity process was applied to the time-series input which
produced a connectivity matrix with (39x39) for LEMON dataset and (50X50) for HCP,
noting that only the lower triangle of the correlation matrix was used with a consideration of
removing the diagonal values (N*(N-1)/2). It is about measuring the correlation between the
ROls for a specific time series, the high correlation figures indicate a high level of interaction
between these regions. More to add, the correlation connectivity matrix was converted to a
vector with a dimension of 1x741 for LEMON and 1x1225 for HCP, which represents an
input for machine learning and deep learning models. Figure 6 illustrates the correlation
connectivity matrix which is generated by calculating the correlation coefficient across all
regions of interest. For example, the first row in the matrix shows the correlation between
ROI-1 and all ROIls (from 1-39) and so on.
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Figure 14: Correlation Connectivity Matrix

The number of features generated from the connectivity process is equal to the number of
ROIX(ROI-1)/2, resulting in having a large number of features which makes it difficult to

study the importance of such features or combining other features.
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3.5.2 Network Graph Analysis
Additional features from network graph theory were added, such as degree centrality,

clustering coefficient, and path length. These features are supposed to be combined with the
connectivity set of features to enhance the accuracy of the classification targets. Below are

some theoretical insights about the used network theory metrics in this thesis.
1- Degree Centrality

One of the network graph metrics can be defined as the number of edges connected to a
node (which represents the ROI brain concept). It is a measure of global connectivity at the
voxel level by measuring the number of instant functional connections a brain region has
with the rest of the brain can be used to map brain hubs with high accuracy, repeatability,
and sensitivity (Guo et al., 2020). Figure 6 shows the mechanism of calculating the degree
of centrality. It is simply a matter of counting the number of direct connections with

neighboring nodes.

In this thesis, the degree centrality represents the summation of correlation values for each
ROI with other regions. Below figure 7 illustrates such a mechanism.

A B
A B C D Degree
A 0 1 0 1 2
B 1 0 0 1 2
o 0 0 0 1 1
D 1 1 1 0 3

Figure 15: Degree centrality - method of calculation
2- Clustering coefficient
It is one of the fundamental metrics of network graph theory, it represents the number of

direct connections from the node itself within the network (Freeman and Linton., 1979). In
this thesis, the correlation between the nodes was considered a direct connection if exceeding
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the average of the overall correlation vector. This metric provided additional features that
helped in obtaining better performance of the model used. The figure below illustrates how

the nodes are directly connected with neighbors.

Nc
Kc(Kc—-1)

Equation 1: Clustering coefficient

CC =

Kc= Degree of node “C” =3

Nc= Number of links between neighbors

Figure 16: Direct Connection between the ROIs

In this thesis, the idea of finding a direct connection between ROIs is not applicable, we
depended on the correlation values, and we introduced a correlation weight that represents
the average value of the overall correlation values within the vector itself which represents
the cross-correlation between all ROIs. This value was used as a threshold to consider a
connection either direct or indirect connection. After that, the above equation was used to
calculate the value of the clustering coefficient.

3- Path length

It is one of the metrics in network graph theory, it represents the number of edges between
two nodes within the shortest path (Goldberg et al., 2005). In this thesis, the ROI is
considered as a node, and the correlation with (a certain threshold) is considered as an edge
to the selected node. In addition, the shortest path length has been calculated for all ROIs to

be used as an additional feature to improve the performance of learning models.
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3.6 Proposed models

3.6.1 Support Vector Machine Model
For Gender and Age-Group Classification

A support vector machine model was used to do the gender and age classification for the
given dataset. SVM model has many advantages that serve the case study. First, it is effective
in high-dimensional spaces (Cortes & Vapnik, 1995), which is very important within the
given dataset as the number of features exceeds the number of records. More to add,
regularization can help in avoiding overfitting which is vital especially when having features
generated from other features. Moreover, SVM is very good in terms of tuning as it provides
a variety of parameters that help in a wide range of tuning possibilities (Schélkopf & Smola.,
2001). However, SVM model has many challenges, it is not efficient when considering noisy
data (Ben-Hur & Weston., 2010), this effect was reduced by reducing the data dimension by
using defined masks with ROIs. The following model design was used for both gender and

age-group classification which considered the best parameters providing the best results:
Model Parameters:
Below parameters are the best parameters chosen after the fine-tuning process
1- Kernel: kernel="rbf’

Rbf kernel is widely used for non-linear data, it helps in mapping the input space into a

higher dimension to handle the complex relationship between variables.
2- Class Weight: class_weight="balanced"

It adjusts the unbalancing rate between the classes, it gives the lower class a high weight to
solve the issue of unbalanced classes.

3- C (Regularization Parameter): C=10

It controls the trading off between low testing and low training errors, a higher ‘C’ value

leads to better classification of training examples which may lead to overfitting.
4- Gamma: gamma=0.01

The gamma parameter affects the model’s performance directly, it measures how far the

influence of a single training point reaches.
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Model Design:
1- Data Augmentation

The code involves a data augmentation mechanism by splitting the time-series data into
smaller parts which solved the issue of unbalanced classes, low class frequency was treated
with a higher splitting rate.

2- Connectivity Measures:

The connectivity measure with Kind="correlation’ was used to calculate the correlation

matrix which was used as an input for the learning model after vectorization.
3- Graph metrics

Different graph metrics were used as additional features to enhance the machine learning
results such as degree centrality, shortest path length, clustering coefficient, betweenness,
and closeness centrality. These parameters merged with the connectivity feature which

enhanced the classification results.
4- Cross-validation and Grid search

‘StratifiedShuffleSplit’ was used in cross-validation to ensure that each fold contains the
same proportion of classes. Different numbers of folds were used which generated different
values of accuracy, the best was considered based on the results.

3.6.2 Feed Forward Neural Network Model
For Gender and Age-Group Classification

FFNN model was used because of its advantage and suitability for non-linear problems
(LeCun et al., 2015), it is a scalable model that allows to addition of more layers if needed.
However, FFNN model can easily be overfitting the results (Srivastava et al., 2014), so a

need for a robust regularization method is a must to avoid such a problem.

In this thesis, FFNN was used because it is suitable for non-linear problems, it generates da

good results in solving the issue of low accuracy obtained from SVM model.
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Model Parameters and Design:
1- Input data

Principle Component Analysis (PCA) dimensionally reduction was used to reduce the input
data to 32 principal components which helped in simplifying the input structure allowing the
training process to cove more variances. Moreover, network graph metrics merged with PCA

input to enhance the results of the Feed Forward Neural Network model.

PCA is a dimensional reduction technique that is widely used in data analysis, it helps in
reducing the number of features taking into consideration holding as much information
within the data space (Jolliffe & Cadima., 2016). In this thesis, the PCA analysis was applied
to achieve the goal of reducing the large number of features which makes the learning more
focused and enhances the results. To avoid the overfitting issue, PCA analysis was applied

to training and testing data parts separately.

2- Data Normalization

‘StandardScaler’ was used in the normalization process with (mean=0, variance=1) which
is vital to enhance the performance of the neural network model, this normalization technique
is provided by the “Scikit-learn” library (Pedregosa et al., 2011), the idea of Standard scaler
is to standardize the features into the properties of the normal distribution with a mean of 0
and a standard deviation of 1 (Sola & Sevilla., 1997).

3- Model Architecture

- Input layer: the first input layer has 46 neurons and the ReLU function is used as an
activation function.

- Hidden layer: the second layer “hidden” has 32 neurons and the ReLU function was
used as well in this layer.

- Output layer: A single neuron was used in the output layer with a sigmoid activation

function which is suitable for binary classification problems.
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Figure 17: FFNN Topology

4- Optimizer

Adam Optimizer was used with a tunable learning rate as a part of the hyper-parameter
tuning process, this optimizer is efficient in training the deep learning models, this optimizer
has an adaptive learning rate that helps in achieving the best training performance. More to
add, it has a feature of bias correction, especially during the initialization phase which

prevents the model from being biased to the zero in initial phases (Kingma et al., 2014).

5- Loss Function

The “Binary Cross-entropy” function was used as a loss function which is efficient for
binary classification cases, it calculates the difference between the actual and predicted
values. Moreover, the Binary Cross-entropy function is efficient when dealing with the

unbalanced dataset, this was a motivation to use it for LEMON dataset (Ruby et al., 2020).

It has several advantages. It is computationally efficient, works with probabilistic models,
and is differentiable which makes it compatible with ADAM optimizer (Hurtiket al., 2022).

6- Hyperparameter tuning

Grid search and Cross-validation were used to tune the deep learning model seeking better

results. The used cross-validation came with 5 folds.
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The grid search parameters were as per the following:

- Learning Rate (Ir): [0.001, 0.01, 0.1].

- Batch Size: [16, 32, 64].

- Epochs: [10, 20, 30, 50, 100].
3.7 Summary

This chapter outlines the model design and development process. The thesis utilizes two

datasets (LEMON and HCP) which are related to fMRI recordings of healthy subjects to
classify sex and brain age. The LEMON dataset has a problem represented by unbalanced
classes between males and females. This problem led us to use an augmentation method to
balance the classes. The HCP data is larger and doesn't have the problem of unbalanced

classes.

MSDL and Schefer atlases were used and applied to LEMON dataset as a part of the feature
engineering phase, the ROIs were extracted and used to generate connectivity matrices.
Network graph parameters were extracted and merged with connectivity features to improve
the classification results.

SVM and FFNN were used to classify the sex and brain age groups. The models were tuned

with different hyper-parameters to ensure the optimal classification results from each model.
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Chapter Four

Results and Discussion
4.1Results and Discussion

LEMON dataset is one of the important datasets that contain different modalities and
provides a row data format for the images allowing the users to do their preprocessing and
preparation. The dataset is available online with free access, it comes with different
modalities such as fMRI, EEG, and Electrocardiogram (ECG) with gender and age-group
information for each participant (Babayan et al., 2019). The participants completed a 3 Tesla
fMRI providing 211 noncorrupted images, these images were used as a data source for this
thesis. Moreover, the issues with this dataset are the small sample size and the unbalanced
gender classes between males and females which imposes a challenge for classification tasks.
For HCP dataset, it provides 1200 fMRI images with 3-T measurement for all subjects and
7-Tesla MRI scans for 184 subjects, this dataset includes some other modalities scans as 95
subjects have some resting-state MEG recordings. This dataset provides a bigger number of
subjects in comparison with LEMON, which results in enhancing the classification results

for gender. The dataset is preprocessed with 50 PCA (Human Connectome Project, 2017).

The main feature engineering pipeline used in this thesis is connectivity feature analysis,
which implies a correlation between the different ROl generated based on the used mask
(MSDL/Scheafer). (Iraji et al.,2016) indicates that there is a connection between the brain
region of interest that can be used in studying some biological and mental cases related to the
brain. So, feature connectivity analysis is the main pipeline for the feature engineering
process in this thesis. Another feature of engineering is the network graph theory. By using
such theory, some features were added to the connectivity features seeking enhancement in
classification accuracy for gender and age.

The LEMON dataset comes with unbalanced classes regarding gender, 67% of the classes
are males and 33% are females. For age classes, the data provided 9 classes starting from 20-
25 till 75-80, the classes were aggregated to have two classes only (Youth and Elderly) which

helps in finding a separation line resulting in a good separation result by the proposed models.
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Below are the results of the study as per feature engineering process and modeling:
4.2 SVM with LEMON dataset
1- Feature connectivity only

Two Atlases were used in this process (MSDL and Sheafer), and no augmentation process
was involved in this part, the results are as per the following:

Gender Classification:
- For MSDL Atlas (39 ROIs)
The best accuracy achieved for gender classification using SVM model (with MSDL Atlas
applied to extract ROIs) was 71% and AUC= 0.81 (average recall= 60% and the best was

with 5 folds), Augmentation wasn’t used in this part and the only feature extraction method

was connectivity, below figures illustrate such results:

ROC Curve with 5-Fold Cross-Validation

correlation

partial
correlation

True Positive Rate

Fold 1 (AUC = 0.80)
0.2 Fold 2 (AUC = 0.82)
Fold 3 (AUC = 0.79]

tangent

Fold 4 (AUC = 0.77)
I T T T T T T T Fold 5 (AUC = 0.86)
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.0 — Mean ROC (AUC = 0.81 = 0.03)

Classification accuracy 0.0 0.2 09 06 08 10
(red line = chance level) False Positive Rate

Figure 18: Gender Classification Accuracy (left) and ROC curve (right) - MSDL ATLAS - SVM
with connectivity

- For Sheafer Atlas (100 ROIs)

The best accuracy achieved for gender classification using Scheafer Atlas and SVM model

(without applying an augmentation process) was 72% and AUC=0.75 (average recall= 61%).

Scheafer Atlas has a wider range of ROIs than MSDL Atlas, this was promising in extracting
more futures resulting in better classification accuracy. However, by using Scheafer atlas, no
significant improvement was achieved. The below figures illustrate the classification

accuracy and ROC curve:
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T ROC Curve with 5-Fold Cross-Validation
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Figure 19: Gender Classification Accuracy (left) and ROC curve (right) - Sheafer ATLAS - SVM
with Connectivity

Age Classification
- For MSDL Atlas (39 ROIs)

By using MSDL atlas, SVM model achieved an accuracy of 91% with AUC=0.90 (average

recall= 88%), Below figures illustrate the classification accuracy and ROC curve:
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Figure 20: Age Classification Accuracy (left) and ROC curve (right) MSDL ATLAS - SVM
with Connectivity
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- For Sheafer Atlas (100 ROIs)

By using Scheafer atlas, SVM mode achieved an accuracy of 90% and AUC=0.95 (average

recall=89 % and the best was with 5 folds), The Below figures illustrate the classification

accuracy and ROC curve:
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Figure 21: Age Classification Accuracy (left) and ROC curve (right) - Sheafer ATLAS - SVM

with Connectivity

2- Feature connectivity with network parameters

In this section, network graph parameters such as degree centrality, average clustering, path

length, the gender and age-group classification accuracy have been recalculated to study the

effect of such network parameters, below are the results:
Gender Classification

- For MSDL Atlas (39 ROIs)

By using the feature connectivity in addition to the network parameters, and by using

MSDL atlas, the gender classification accuracy enhanced to 74% with AUC =0.79

(average recall= 64%), below figures illustrate the gender classification accuracy and ROC

curve:
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Figure 22: Gender Classification Accuracy (left) and ROC curve (right) MSDL ATLAS - SVM with
connectivity & network parameters

- For Sheafer Atlas (100 ROls)

By using a sheafer atlas with 100 ROIs, the accuracy was 70% and AUC= 0.76 (average

recall= 59%), below figures illustrate the gender classification accuracy and ROC curve:
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Figure 23: Gender Classification Accuracy (left) and ROC curve (right)- Scheafer ATLAS - SVM with
connectivity & network parameters
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Age Classification
- For MSDL Atlas (39 ROIs)

The age group classification using MSDL atlas and with network parameters provided the
highest accuracy with 92% and AUC=0.95 (average recall= 90%), below figures illustrate

the age classification accuracy and ROC curve:
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Figure 24:Age Classification Accuracy (left) and ROC curve (right)- MSDL ATLAS - SVM
with connectivity & network parameters

- For Sheafer Atlas (100 ROIs)

By using the Schaefer atlas, and with network parameters existence, the age-group
classification was good as well with an accuracy of 86% and AUC= 0.86 (average recall=

84%), below figures illustrate the results:
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Figure 25: Age Classification Accuracy (left) and ROC curve (right) - Scheafer ATLAS -
SVM with connectivity & network parameter
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3- Feature connectivity with data augmentation

In this section, feature connectivity had been used as the only feature engineering pipeline
but with data augmentation, the augmentation process had already been described in Chapter

3, the results were as per the following:
Gender Classification
- For MSDL Atlas (39 ROIs)

By using the MSDL atlas along with data augmentation, there was almost no change in

accuracy with 73% with AUC=0.78 (average recall= 60%), below figures illustrate the
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Figure 26: Gender Classification Accuracy (left) and ROC curve (right) - MSDL ATLAS - SVM
with connectivity & data augmentation

For Sheafer Atlas (100 ROIs)
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By using a sheafer atlas with data augmentation, the accuracy increased to 76% with
AUC=0.83 (average recall= 62%), below figures illustrate the results:
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Figure 27: Gender Classification Accuracy (left) and ROC curve (right)- Scheafer ATLAS - SVM
with connectivity & data augmentation

Age Classification
- For MSDL Atlas (39 ROIs)

By using MSDL atlas, it was clear that data augmentation wasn’t helpful with age
classification, the age classification accuracy decreased to 89% with AUC= 0.97 (average

recall= 88%), below figures illustrate the results:
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Figure 28: Age Classification Accuracy (left) and ROC curve (right) - MSDL ATLAS- SVM
with connectivity & data augmentation

- For Sheafer Atlas (100 ROIs)
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By using the sheafer atlas, we had no progress as well, the accuracy was less than the
MSDL atlas, which was 83% with AUC=0.98 (average recall= 80%), below figures

illustrate the results:
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Figure 29: Age Classification Accuracy (left) and ROC curve (right) - Scheafer ATLAS - SVM
with connectivity & data augmentation

4- Feature connectivity with balanced data augmentation

As long as the female class is the minor one, a balanced augmentation was used to increase
the female samples in a higher ratio than males making sure they are balanced at the end —

described in Chapter 3, the results were as per the following:
Gender Classification
- For MSDL Atlas (39 ROIs)

By using balanced augmentation with MSDL atlas, the accuracy was increased hitting 76%

with AUC=0.76 (average recall= 64%), below figures illustrate the results:
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- For Sheafer Atlas (100 ROls)

By using balanced augmentation with the Sheafer atlas, the accuracy almost didn’t change,

it was 76% with AUC=0.81(average recall= 65%), below figures illustrate the results:

T ROC Curve with 5-Fold Cross-Validation
: 1.0
correlation :
|
|
| 0.8
[}
|
|
i u
partial i E o6
correlation : 2
| &
i £
| 204
] =
|
|
: Fold 1 (AUC = 0.83)
tangent i 0.2 Fold 2 (AUC = 0.80)
| Fold 3 (AUC = 0.81)
: Fold 4 (AUC = 0.79)
I T T T T T T T f Fold 5 (AUC = 0.83)
0.0 0.1 0.2 03 04 05 06 07 0.8 00 e AOC-(ALIE = 081041}
Classification accuracy - - - - - L
(red line = chance level) oo o2 o o8 o8 o
False Positive Rate

Figure 31: Gender Classification Accuracy (left) and ROC curve (right) - Scheafer
ATLAS - SVM with connectivity & balanced data auamentation

Age Classification
- For MSDL Atlas (39 ROIs)

By using balanced augmentation with MSDL atlas, the accuracy of age classification
decreased to 85% with AUC=0.97 (average recall= 83%), below figures illustrate the
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- For Sheafer Atlas (100 ROls)

By using balanced augmentation with the Sheafer atlas, the accuracy almost didn’t change,

it was 84% with AUC=0.9 (average recall= 81%), below figures illustrate the results:
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Figure 33: Age Classification Accuracy (left) and ROC curve (right) - Scheafer ATLAS - SVM with
connectivity & balanced data augmentation

5- Feature connectivity with network parameters and balanced data

augmentation:

This is the last case with LEMON dataset using SVM model, the accuracy had been

recalculated for age and gender classification, and the results were as per the following:
Gender Classification

- For MSDL Atlas (39 ROIs)
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By using MSDL atlas, the gender classification was the highest by 78.5% with AUC=0.78

(average recall= 67%), below figures illustrate the results:
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Figure 34: Gender Classification Accuracy (left) and ROC curve (right) - MSDL ATLAS - SVM with
connectivity, network parameters and balanced data augmentation

- For Sheafer Atlas (100 ROIs)

With sheafer atlas, the accuracy decreased up to 74% with AUC=0.74 (average recall=

61%), below figures illustrate the results:
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Figure 35: Gender Classification Accuracy (left) and ROC curve (right) - Scheafer
ATLAS - SVM with connectivity, network parameters and balanced data augmentation




Age Classification

- For MSDL Atlas (39 ROIs)

There is no significant change in age classification accuracy using MSDL atlas, the

accuracy was 88% with AUC=0.91(average recall= 89%), below figures illustrate the

results:

correlation

partial
correlation

tangent

0.0

0.2

T T

0.4 0.6
Classification accuracy
(red line = chance level)

True Positive Rate

ROC Curve with 5-Fold Cross-Validation

Fold 1 (AUC = 0.92)
Fold 2 (AUC = 0.93}
Fold 3 (AUC = 0.88)
Fold 4 (AUC = 0.92)
Fold 5 (AUC = 0.88)

= Mean ROC (AUC = 0.91 + 0.02)

0.0

0.2 0.4 0.6
False Positive Rate

08

1.0

Figure 36: Age Classification Accuracy (left) and ROC curve (right) - MSDL ATLAS - SVM with
connectivity, network parameters and balanced data augmentation

- For Sheafer Atlas (100 ROIs)

The accuracy decreased to 84% with AUC= 0.93 (average recall= 85%), below figures

illustrate the results:
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Figure 37: Age Classification Accuracy (left) and ROC curve (right) - Scheafer ATLAS - SVM
with connectivity, network parameters and balanced data augmentation
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Below two tables below summarize all accuracy results related to the gender and Age

classification results for LEMON dataset using SVM model:

Table 2: Classification results for Age and Gender using MSDL atlas and SVM model -

LEMON dataset

Gender Age
Atlas Feature Engineering Accurac
y AUC Accuracy AUC
Feature Connectivity 0.71 0.78+ 0.06 0.91 0.94+ 0.03
Feature Connectivity + 0.74 | 0.79+0.07 |  0.92 0.95+ 0.03
Network parameters
Feature Connectivity 073 | 0.78+0.12 | 0.891 0.97+ 0.01
+Data Augmentation
MSDL | Feature Connectivity +
Balanced Data 0.76 0.76+ 0.06 0.85 0.97+0.01
Augmentation
Connectivity + Balanced
Data Augmentation + 0.785 0.78+0.08 0.88 0.91+0.02
Network parameters

Table 3: Classification results for Age and Gender using Sheafer atlas and SVM model -

LEMON dataset

Gender Age
Atlas Feature Engineering Accurac
y AUC Accuracy AUC
Feature Connectivity 0.72 0.74+ 0.06 0.9 0.95+ 0.03
A
Feature Connectivity 0701 | 0.76£0.07 |  0.86 0.86+ 0.01
Network parameters
Feature Connectivity 076 | 083t0.04 | 0837 0.98+ 0.00
+Data Augmentation
Sheafer | Feature Connectivity +
Balanced Data 0.76 0.81+0.07 0.84 0.98+0.00
Augmentation
Connectivity + Balanced
Data Augmentation + 0.74 0.74+0.06 0.841 0.93+0.03
Network parameters
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4.3 SVM with HCP dataset
Because LEMON dataset is relatively small, HCP data was a choice to extend the study

and apply the analysis on a larger dataset that may provide better results. With 1200 objects,
and 50 PCA components applied, the SVM model was trained on different subsets
(200,400,600,800,1000) seeking better gender classification results.

Gender Classification
The below table shows the gender classification results for different subsets of HCP dataset:

Table 4: HCP - Gender classification results over data subsets

. 's Combinati 200 400 600 800 1000
eature's Combination ACC | AUC | ACC | AUC | ACC | AUC | ACC | AUC | ACC | AUC
Connectivity Feature only 0.92 1090091091093 |0.95|0.96|0.95|0.95|0.96
Connectivity + degree centrality 0.91|0.95|0.90|0.99|0.93|0.97|095|0.97|0.94 | 0.96
Connectivity + average clustering 0.92 1097 |091|0.99|0.93|0.97|0.96|0.99 |0.95|0.98
Connectivity + path length 0.92 | 0.96 | 0.90 | 0.98 | 0.93 | 0.96 | 0.96 | 0.97 | 0.95 | 0.97
Connectivity + path length + average
clustering 0.92 | 0.95|0.90|091|0.93|0.95|0.96|0.95|0.95 | 0.96
Connectivity + path length + degree
centrality 0.92 | 0.97 | 0.91 | 0.97 | 0.93 | 0.96 | 0.96 | 0.96 | 0.95 | 0.97
Connectivity + degree centrality +
average clustering 091|098 |0.89|0.98|093 097|095 |0.98 |0.94|0.98
Degree centrality only 0.430.42 | 0.47 | 054 | 0.43 |0.47 | 041 | 0.45|0.43 | 0.45
Average clustering only 0.61 | 0.55 | 0.50 | 0.45 | 0.66 | 0.60 | 0.68 | 0.62 | 0.69 | 0.65
Path length only 0.50 | 0.45 | 0.50 | 0.56 | 0.51 | 0.46 | 0.54 | 0.48 | 0.53 | 0.48
Degree centrality + path length +
average clustering 0.45]0.49|0.49|0.54|0.44 | 0.48 | 0.48 |0.49 |0.49 | 0.47
Path length + degree centrality 0.49|0.42 | 049 |0.47 | 0.51|0.49 | 0.52 | 0.48 | 0.53 | 0.49
Average clustering + degree centrality | 0.46 | 0.51 | 0.47 | 0.56 | 0.49 | 0.55 | 0.50 | 0.54 | 0.52 | 0.51
Average clustering + path length 0.49|0.49 | 0.50 | 0.46 | 0.45 | 0.48 | 0.47 | 0.46 | 0.48 | 0.48
All features 0.92 | 0.97 | 0.89 | 0.98 | 0.93 | 0.95 | 0.95 | 0.98 | 0.94 | 0.98

4.4 Gender Classification using FFNN model with PCA — LEMON dataset
Due to the poor results related to gender classification over LEMON dataset, another model

(FFNN) was used along with PCA, this test was applied after considering the balanced data
augmentation, the idea of using the principal component analysis obtained from HCP dataset

experience. So, the same concept was tested seeking better results.
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The feature engineering for the dataset was about using the feature connectivity matrix along
with network parameters (degree centrality, average clustering, and path length). More to
add, 50 components were generated to make it an apple-to-apple comparison with HCP data
that was processed with the same number of components. The results enhanced achieving

82% testing accuracy.

Below figure-41 shows the model accuracy over the changing epochs:
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Figure 38: FFNN Model accuracy for LEMON PCA model

More to add, SVM was used again on LEMON dataset after Appling the PCA to check if
the accuracy will be enhanced as well by using SVM the results demonstrated a clear positi
ve change achieving a testing Accuracy of 84% with the Best Parameters: {'C'": 0.1, 'gamma

' 0.1}. The below figure shows the classification report for the SVM results:

Classification Report:
precision recall fil-score support
e 0.97 0.71 0.82 55
1 8.75 9.98 8.85 49
accuracy ©.84 104
macro avg 9.86 0.84 8.84 1e4
weighted avg ©.87 ©.84 .83 184

Figure 39: Classification Report - SVM- LEMON PCA

4.5 Key Findings and Results

LEMON Dataset Limitations and Performance:

Gender classification using SVM did not start very strong with the connectivity feature
alone: 71% and 72%, respectively, for MSDL and Schaefer atlases.
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However, the age classification produced a substantially more significant boost to an
average 91% accuracy in MSDL and 90% in Schaefer.

Impact of Network Parameters:

The addition of network graph parameters (degree centrality, average clustering, and
path length) enhanced the gender classification accuracy by 74% and age classification
accuracy by 92% on the MSDL atlas. For the Schaefer atlas, the accuracy of gender

classification slightly decreased.
Balanced Data Augmentation (LEMON Dataset):

Significant improvements were seen when balanced data augmentation was employed
with a 78.5% gender classification accuracy with the MSDL atlas, the highest obtained
for this dataset. For the Schaefer atlas, accuracy was 76%, which is quite lower compared

to the previous.
PCA and Dimension Reduction:

Performing PCA at 50 components for the features of LEMON dataset generally

improved the performances of classification:

Gender classification for SVM stood at 84% and Gender classification for FFNN peaked
at 82%. Legitimate reduction of PCA increased the quality of classification along with

the original features.
HCP Dataset Performance:

On the larger HCP dataset (1200 samples), the gender classification would perform
much better than on LEMON, with 96% accuracy and AUC=99% from SVM. This was
consistent in all cases from data increment and then combining connectivity features with

network parameters such as average clustering.

4.6 Discussion

In this section, the results will be deeply discussed showing the limitations, achievements,

and possible improvements, hereunder are the points of discussion:
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SVM and FFNN models were chosen as the main models for this case study due to the
fact that they provide the best results. fMRI images are high-dimensional containing
many voxels and regions, this makes SVM fit with such cases because of its ability to
find the boundaries making benefits from kernel capabilities of separation (Vapnik et al.,
2013). More to add, SVM is efficient with selected feature problems, and this is the case
in the project. Also, SVM is doing well with data that is treated with reduction processes
such as ICA and PCA (Formisano et al., 2008). FFNN, fits with a small dataset because
of its simplicity in design, it doesn’t involve complex computational processes such as
convolutional neural network (CNN) (LeCun et al., 2015). Additionally, FFNN model
comes with a simple design which allows the user to control the overfitting problem more
easily than other models (Srivastava et al., 2014). Moreover, FFNN has a proven success
in neuroimaging problems, this was one of the reasons to try this model (Vieira et al.,
2017). Finally, other machine learning and deep learning methods were used but with
worse results (Random Forest with less than 70% accuracy and DNN with almost 65%).

For LEMON dataset masked with MSDL atlas, and with feature connectivity only as
a feature engineering pipeline, SVM gender classification accuracy wasn’t high (71%),
this is mainly because of the small size of the dataset in addition to the unbalancing issue
between males and females. When another atlas (Schafer) was used with a higher ROI,
the results almost didn’t change with a notable drop in AUC value due to the increase in
data complexity resulting from increasing the data dimensions. For gender classification
and under the same feature engineering boundaries, the accuracy was much better
achieving 91% and 90% for MSDL and Scheafer atlases. The justification for the high
accuracy results in age-group classification rather than gender is the fact of re-grouping
the age classes in LEMON dataset. Moreover, (Raz et al., 2006) indicate that the brain
undergoes significant changes (functional and structural) with aging, these differences
can be obvious to be distinguished from the machine learning model between young and

older people.

To enhance the results, we came out with the idea of using the network graph theory,
which allows doing mathematical relation between the region of interests that will

generate different metrics such as degree centrality, average clustering, and path length.
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These metrics are considered as additional features along with the main connectivity
features mentioned in the point above, SVM was used and the results for the gender
classification were enhanced using MSDL Atlas achieving an accuracy of 74%. The
results of gender classification with Scheafer atlas came with no enhancement, this is
because of the complexity in dimensions resulting from features increasing. For Age
classification, the SVM accuracy slightly increased by 1% achieving an accuracy of 91%
for MSDL in addition to an enhancement for AUC, while the accuracy and AUC
decreased for scheafer atlas hitting 86% for the same suggested reasons mentioned in

previous points.

As one of the main issues in the classification is the small sample size, a data
augmentation technique was used to split the time-series data (before applying the
connectivity transformation and without adding any network parameters) into two parts
for each image which doubled the dataset size, the results for SVM gender classification
using MSDL atlas didn’t enhance (73%) while it recorded an enhancement for scheafer
atlas achieving 74% accuracy. The enhancement in the accuracy of the latter is because
removing the network parameters and increasing the row dimensions will decrease the
effect of feature’s dimensions. For age classification, the SVM accuracy was decreased
in both MSDL and Scheafer atlases while the AUC recorded a slight increase, the
decrease in accuracy can be justified due to the increase in noise that may introduced by
data augmentation, which makes it a little bit harder for the SVM to distinguish between
the classes. For the AUC, the increase can be justified with the fact augmentation effect
in generalization, data augmentation helps in enhancing the ranking prediction which is
the key factor of AUC (Raz et al., 2006).

Data augmentation was proposed seeking to enhance the results, but the results didn’t
enhance with MSDL atlas due to the effect of unbalanced classes mainly for gender. So,
a balanced augmentation technique was proposed to overcome this issue (without adding
network graph parameters in this case), male classes were augmented by splitting each
time series into two objects, and female classes were divided into 4 subjects, this
approach made the two classes are balanced having about 500 subjects in total. The SVM

classification for gender using MSDL atlas was enhanced reaching 76%, with almost no
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change for Scheafer case. This enhancement was clearly due to balancing the classes. For
age classification, SVM classification using MSDL and Scheafer atlas decreased to the
level of an accuracy of 85% because the balanced augmentation was done based on
gender class distribution which affected the age classes. As a result of that, age

classification results were better without this approach.

As a final step here, the network parameters were added to the case above having
connectivity features with network parameters under a balanced augmentation umbrella.
The SVM gender classification recorded the highest accuracy (using MSDL) hitting
nearly 79% while Schaefer atlas recorded an accuracy of 74%. There is a fact here that
Scheafer atlas doesn’t respond costively to the augmentation process — in comparison
with MSDL - and this can be justified due to the high number of dimensions used there
(100 ROIs). For age classification, MSDL and Scheafer with SVM classification didn’t

provide an enhancement in the results with an average of 86% accuracy.

For HCP dataset, the gender classification was targeted here in order to get better results
from a bigger dataset. The classification was done on different sizes of patches from the
whole dataset, 200 (similar to LEMON), 400, 600, 800, and 1000 were processed to
monitor how the accuracy can be enhanced when changing the sample size. For each
cycle, the network parameter was merged with connectivity features then we can be able
to compare the results with LEMON ones. No atlases were used here as the data had
already been processed with PCA as the atlas process needs a specific format. The best
gender classification accuracy achieved here was by using SVM with connectivity feature
in addition to the average clustering as one of the network parameters, the accuracy
reached 96% with AUC=99%. It turned out that when increasing the size of the data, the
accuracy consistently increased.

Seeking to enhance the accuracy of the gender classification with LEMON dataset, the
PCA was applied (as a lesson learned from HCP) with 50 components on the dataset after
extracting the feature connectivity and merging them with network graph parameters, the
results enhanced by FFNN to be 82% and 84% for SVM accuracy.

For the LEMON dataset, the gender classification wasn’t too high due to the fact of the

small size. The steps of enhancement by merging network parameters, data augmentation,
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dimension reduction, and balancing mechanism helped to enhance the results up to 84%.
In both datasets, and both targets (gender and age) the connectivity features are the very
important ones. When removing them and depending on the network parameters as a
standalone feature, the accuracy dramatically drops to low levels as shown in Table. The
dimension reduction technique (PCA) helped in enhancing the results by reducing the
feature space allowing the model to focus on the most relevant features (Jolliffe et al.,
2016).

Data augmentation is not preferable for medical problems (Kobayashi et al., 2016). The
technique used in this study was good because no new sample was generated by applying
sampling operation or any mathematical processes, it was about splitting the time series

in a way to make sure it won’t lose the information that is necessary for the classification.

4.7 Summary
This thesis provided different insights. First, for LEMON dataset, SVM and FFNN models

provided the best gender classification accuracy over other tested models. More to add, and
for fTMRI images, a bigger sample size leads to better accuracy. Moreover, the data
augmentation technique helped in enhancing the results, especially with balancing the
classes. Additionally, adding the network parameters graph helped in increasing the accuracy
up to 79% for MSDL gender classification using SVM. Also, PCA pushed the accuracy
higher achieving 84% with SVM as well. Schafer atlas wasn’t helpful because of the
complexity of the provided dimensions, the atlas was processed with 100 ROI providing a
large number of features after the connectivity matrix generation. For age classification, the
accuracy was high (about 91%) with feature connectivity only. Adding the network
parameters to HCP data provided a slight increase in accuracy to 92%. The age classes had
better distribution, especially after re-grouping them into two classes which helped the SVM
model to distinguish between them. For HCP data, it was processed with PCA, and only
gender classification was applied, the results were higher than LEMON because of the high
sample size, balanced classes, and dimension reduction. The accuracy reached 96% for SVM
gender classification using connectivity features with an average clustering coefficient as a

supporting variable.
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The experience of HCP data pointed towards using PCA technique in LEMON dataset after
applying the connectivity feature and merging them with network parameters, the accuracy
reached 84% for SVM and 82% for FFNN. Finally, the feature connectivity process is the
dominant feature for this case study, network parameters alone couldn’t provide a good result

but they helped in enhancing the process.

4.8 Recommendation
SVM and FFNN can be utilized in neuroimaging problems due to their nature of

processing which is suitable for small and complex spaces. More to add, Data
augmentation is very important in such a domain, fMRI data collection is very complex,
takes time, and comes with noisy parameters. Finding a way to make the dataset bigger

will help in enhancing the results and the generalization purpose.

MSDL atlas can be tested more because of the small number of regions provided. It
will be helpful in case of studying the feature's importance. Moreover, Dimension
reduction is very important in such case studies, it helps in reducing the dimensions
especially when using the connectivity feature which provides a high number of
variables. Additionally, Network graph parameters are very helpful as supporting

features, this topic can be utilized more by trying other parameters on different datasets.

It is worth to fitch ways and solutions to overcome the issue of unbalanced classes; it
has a main effect on the classification results especially in gender classification as
observed in this thesis. Another point is to focus on the grouping of age classes is very
effective, other techniques should be tried rather than considering binary classes only. It
Is worth mentioning that there is a need to collect other information rather than biological
ones when handling the data collection process. This can help in studying other mental
disorders or issues. Also, it is important to focus on building models that can be
generalized on other datasets as this is the ultimate goal of having a robust model that can

be helpful with different data sources.

Finally, trying to merge different datasets to have a bigger sample size will help in
providing better accuracy and focusing on merging different modalities to seeking better
results, LEMON dataset has EEG and ECG data, there is a need to check if merging such
modalities along with fMRI data will be effective.
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Chapter Five

Conclusion and Future Work

5.1 Conclusion
In this thesis, gender and age classification using the LEMON and HCP datasets are treated

and approached from the standpoint of feature connectivity and network metrics as possible
means of feature engineering. During this project, several modalities have been put to test
and evaluated, ranging from SVM and feedforward neural network models to balanced data
augmentation and dimensionality reduction using PCA. The results have shown that there is
importance of data size, feature extraction method, and class-balancing techniques in
furthering classification accuracy, especially for these neuroimaging datasets, preferably
obtained through fMRI.

The LEMON dataset had some issues such as small sample size, unbalanced gender classes
(67% male, 33% female), and gender ratio impact, which greatly affects the performance of
classification tasks, especially in gender classification. However, balanced data enrichment
combined with network parameter enhancement could improve gender classification (78.5%
for MSDL atlas). It is suggested that these two methods effectively — somewhat- eliminated
the dataset's limitations. Given that feature connectivity turned out to be the most important
feature engineering pipeline across both datasets, its capability of capturing correlations
between ROIs provided resilient input features that could have fed machine learning models
well. Network parameters provided evidence of the ability to enhance the classification

results, especially for the gender.

The illustration has shown that PCA was key to the solution when handling high-
dimensional fMRI data. The decision to use 50 components was worthy of separate treatment
and value; the classification accuracy increased up to 84% on SVM and 82% on FFNN for
the LEMON dataset, proving that dimensionality reduction is indeed important in dealing

with high-dimensional datasets and making models converge on relevant features.
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Achieving gender classification accuracy of 96% with SVM and an almost equally
successful FFNN model underscored the HCP dataset's advantages: a more balanced class
distribution of gender (1200 subjects); implementing PCA in preprocessing indicating that
PCA would work for the LEMON models and still push classification performance. Two
non-overlapping atlases, MSDL and Schaefer, were considered. It has been noticed that the
MSDL atlas; with fewer ROIs (39), outperformed the Schaefer atlas (100 ROISs) every time
in terms of gender classification. This could be attributed to the excellence of simpler models
with fewer features regarding smaller datasets such as LEMON. On the other hand, due to
the higher dimensionalities of the Schaefer atlas, any formal improvement was hardly
received by augmentation. Age classification outperforms gender classification without any
doubt, with an average accuracy of 91% for feature connectivity with the MSDL atlas and
90% for Schaefer atlas. The classification boosted a bit with age group re-scaling to "Youth"
and "Elderly," both of which are biologically reasonable since there are distinctive structural
and functional brain changes that come with advancing age. The addition of network
parameters improved the performance of the MSDL atlas to 92%; however, Schaefer's

accuracy decreased by 86%.

One of the challenges was the small sample size for LEMON and class imbalance posed
limitations to classification within the dataset. This insignificant limitation pointed to the
need for large datasets in neuroimaging. More to add, Schaefer's atlas wasn’t effective in the
study. Moreover, intending to the class imbalance issue, data augmentation indeed introduced
noise, in particular, for the age classification. This implies that augmentation techniques need
to be cautiously designed and evaluated so as not to make the learned model perform the

other way.

5.2 Future work
Acquiring or combining additional fMRI datasets is critical to enhance and increase the

robustness and generalizability of models. Larger dataset sizes will also allow the use of more
sophisticated models such as deep neural networks that require a significant amount of
training data. Moreover, LEMON has EEG and ECG data in addition to fMRI, Investigating
the integration of these modalities is recommended for richer features. By combining data
from different modalities, one could potentially exploit additional information, hence

furthering classification performance. Additionally, It is recommended to investigate
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additional network graph parameters such as betweenness centrality, modularity, and
eigenvector centrality to better augment the feature space. Machine learning techniques like
feature selection and feature importance analysis could assist in pinpointing the most relevant

features for the purposes of classification.

More to add, SVM and FFNN can be considered good for the classification of the LEMON
data. Future work could possibly involve the application of more advanced models, such as
CNNs and transformers, which match large-dimensional problems. Those advanced models
might enhance the accuracy of the research results. Beyond data augmentation,
methodological alternatives such as cost-sensitive learning and oversampling (via SMOTE)
for handling class imbalance might be considered useful. They may give an added advantage

where the class is highly imbalanced.

The binary age grouping permits some wonderful validation; finer classification of age
classes could provide a more extensive insight into age-associated changes that affect the
brain. Additionally, exploring the classification of subparts of age classes within the gender
dimension may enable providing more patterns, which may play an important role in
improving classification. Also, In the forthcoming work, the validation of the established
models on independent neuroimaging datasets is mandatory for robust model performance.
This will be the first step toward correctness. If successful, this will help in putting down a
framework for gradually moving these methods to a consistent application across various
datasets.

5.3 Summary
The study provided proof of concept for feature-wise analysis, network graph metrics, and

machine learning models for gender classifications by fMRI data and age analysis. The lack
of a sufficient sample size with imbalanced class representation was problematic, although
maintaining symmetry in the data. It always remains a consideration in the concluding
discussion on the possibility of data size, feature selection, and architecture of models in
neuroimaging design. Further future work should be directed towards data engineering,
consideration of multimodal data integration, and go through extreme performances through
the use of advanced machine learning models. Finally, it is possible to check the ability to

merge different datasets to increase the dataset size involving robust models which can lead
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to better classification performance which will finally result in generalizing the model on
other datasets. This can be very helpful in having many applications that can be used in the

neuroimaging domain.

The research questions and the thesis answered all of them. Firstly, regarding the question of
the most important features used, the thesis had shown the connectivity feature is the most
important feature, adding the network graph metrics helps in enhancing the results but cannot
be effective if used alone with feature connectivity. Secondly, the question of merging
different pipelines was answered by merging the feature connectivity with network graph
theory metrics and enhancing the results. The last question was about how can the results of
classification be enhanced, this question was answered by the use of an augmentation process
and merging the network graph theory. Moreover, the study had shown the ability to have
better results with a larger sample size. More to add, merging different modalities such as
ECG and EEG may help in enhancing the results. Finally, the possibility of merging different
datasets in order to have a bigger dataset can be helpful in providing a high accuracy rate for

gender and age problems.

All of these points were mentioned as future work for the upcoming projects that can
implemented which will lead to having a robust model that can be generalized on other

datasets.
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