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Abstract 

Finding the neuronal biomarkers at the individual level is an overarching objective in 

neuroscience research. Neuroscientists were able to identify individuals based on their brain 

functional and structural connectivity as depicted from their magnetoencephalography 

(MEG), functional Magnetic Resonance Imaging (fMRI), or electroencephalogram (EEG) 

scans. This individual identification process is also referred to in research as individual brain 

fingerprinting. In this study, resting state MEG (rMEG) data of healthy individuals is 

provided by the Human Connectome Project (HCP). A novel approach is introduced towards 

individual brain fingerprinting by applying a deep similarity learning model, a so-called 

Siamese neural network including convolutional neural networks (CNNs), to functional brain 

connectivity (FC) metrics from rMEG. To prove the superiority of the deep learning 

approach, the performance is compared against a sophisticated machine learning algorithm, 

Support Vector Machine (SVM). Coherence and Amplitude Envelope Correlation (AEC) 

were used as the FC metrics for the SVM and the Siamese network. The Siamese network 

was able to outperform the machine learning model with an accuracy of 97% as compared to 

81% accuracy coming from the SVM. In conclusion, convolutional neural networks are a 

very powerful computational tool that can boost analysis of any field, such as neuroscience. 

To this date, the research pool for FC fingerprinting has not yet benefited from the deep 

learning techniques, where this research can be used as the first step towards enhancing the 

analysis of FC fingerprinting. 

Keywords: Deep Learning, Magnetoencephalography, Siamese Neural Network, 

Functional Connectome Fingerprinting, Convolutional Neural Network.  
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 THESIS OVERVIEW 

1.1 Introduction 

Data science involves the extraction, organization, and analysis of large data sets which can 

be applied to a huge variety of fields including neuroscience. In fact, machine learning and 

deep learning techniques have boosted the analysis in the field of neuroimaging. For example, 

Multivariate Pattern Analysis (MVPA) is used in functional Magnetic Resonance Imaging 

(fMRI) data to solve problems such as classification of facial expressions (Liang et al., 2018) 

and classification of primary insomnia (C. Li et al., 2019). Additionally, the deep learning 

framework has proved its superiority to classical machine learning for processing large 

amounts of spatiotemporal neuroimage data which allows for solving complex problems such 

as neurological diagnosis and classification (Gerven & Bohte, 2018). 

Neuroscientists have long recognized that individuals of the same neurologically healthy 

group show variability in the brain function and structure. The variations in the brain function 

have been associated with the individual’s traits and behavior, resulting in neuronal 

fingerprints that are substantial and reproducible for serving as individual biomarkers (Da et 

al., 2021).  Neuroscience research has shown  great promise in inferring the individual neural 

fingerprint from the functional connectivity derived from the magnetoencephalography 

(MEG),  Electroencephalogram (EEG), and fMRI data (Amico & Goñi, 2018; Barcha et al., 

2014; Da et al., 2021; Kong et al., 2019; Sareen et al., 2021). While existing research 

presented well-performing individual identification classification models, the methods used 

were limited to classical statistical and machine learning algorithms. To our knowledge, a 

deep learning approach has not yet been investigated for the domain of identifying the 
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individual fingerprint based on the brain functional connectivity. The research quest of 

applying a sophisticated deep learning algorithm towards enhancing the accuracy and 

robustness of these models remains open for us to explore in this thesis.  

1.2 Problem Statement 

Individuals of the same neurologically healthy group are diverse in terms of personality traits 

and behavior. Many studies have provided evidence that this individual variability is reflected 

in the statistical variability of the individual’s neural data (Amico & Goñi, 2018; Barcha et 

al., 2014; Kong et al., 2019). For this research, the individuals shall be identified based on 

the features from their brain functional connectivity derived from resting-state MEG (rMEG) 

as in (Da et al., 2021). However, our proposed identification technique will make use of a 

novel approach, which is a deep learning model, such as a convolutional neural network 

(CNN). 

1.3 Research Objectives 

This research aims to introduce a novel approach towards identifying individuals based on 

their neuronal biomarkers, so a deep similarity learning model known as a Siamese neural 

network (Bromley et al., 1993) is used. It also aims to prove the superiority and robustness 

of deep learning over other machine learning techniques for this domain by comparing the 

performance of the Siamese network to SVM algorithm. 

1.4 Thesis Organization 

The following chapter includes background and literature review of related work, where the 

content first introduces the reader into the neuroscientific background and then transitions 

into justifying the use of the deep learning approach. Later in Chapter 3, the design of the 
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deep learning model is presented starting from data acquisition to the neural network. Results 

are presented and discussed in Chapter 4, and the thesis is concluded in Chapter 5.  



13 

 

A Convolutional Neural Network Framework for the Identification of Individual Neuronal 

Biomarkers based on Functional Brain Connectivity using Magnetoencephalography 

Farah Mohammad Waseem Abdellatif 

2021 

 BACKGROUND AND RELATED WORK 

2.1 MEG Functional Connectome Fingerprinting 

2.1.1 Theoretical Background 

MEG is considered as a patient-friendly neuroimaging method because of its non-invasive 

nature (Hamalainen et al., 1993). It is a biomedical functional brain scanning technique that 

uses sensitive magnetometers to record magnetic fields generated by neural activity. Since 

the magnetic fields are not distorted by scalp or skull, MEG has the advantage over other 

types of techniques in providing a highly accurate temporal and spatial resolution of the 

neuronal activity (Filippi, 2015; Singh, 2014). 

After MEG data acquisition, researchers can choose from several field-related data analysis 

steps to apply. To study the communication within and across the brain, the brain networks 

are quantified according to three types: Structural, Functional and Effective (Sakkalis, 2011). 

Where, structural connectivity analysis is used to detect the anatomical brain network maps 

that connect the brain regions. Functional Connectivity (FC) analysis is used to identify 

which brain regions are connected, i.e., sharing information at different frequency bands. 

Lastly, Effective Connectivity (EC) analysis is used to determine the direction of the 

information flow between brain regions (Bowyer, 2016). 

Over the past few decades, many FC measures have been proposed and evaluated for 

electrophysiological data. FC measurements can be analyzed in the frequency domain or in 

the time domain (Brookes et al., 2011; Gross et al., 2013). The well-known coherence metric 

is used as a frequency domain measure, and Amplitude Envelope Correlation (AEC) is used 

as a time domain measure, where:  
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❖ Coherence is considered the most common measure to investigate the connectivity 

between brain regions for decades (Papanicolaou et al., 2020). It estimates the degree 

of linear association between the phases and amplitudes of two time series signals 

within nonoverlapping frequency bands (f) (Koopmans, 1995):  

 
𝐶𝑥𝑦(𝑓) =

|𝑆𝑥𝑦(𝑓)|
2

|𝑆𝑥𝑥(𝑓)| ∙ |𝑆𝑦𝑦(𝑓)|
 (1) 

 , where: 

• 𝑆𝑥𝑦 is cross spectrum density and 𝑆𝑥𝑥, 𝑆𝑦𝑦 are the autospectral 

densities of the two time series signals x and y. 

• The result is a symmetric matrix with values 0 ≤ 𝐶𝑥𝑦 ≤ 1, where a 

value of 1 indicates perfect coupling and 0 represents no relationship. 

❖ AEC is a measure of the correlations between the Amplitude Envelopes (AE, i.e., 

amplitude fluctuations in an oscillation over time) of two oscillatory brain signals, 

where, AEC also ranges from 0 to 1, which means that high AEC values indicate 

synchronous AE fluctuations (Zamm et al., 2018). 

2.1.2 Literature Review 

Neuroscience research has shown great promise in inferring the individual neural fingerprint 

from the Functional Connectome profiles derived from the neuroimages. The methods to 

extract the identity have varied according to the type of data used.  

For example, MEG-based features were used in (Da et al., 2021; Demuru et al., 2017; Sareen 

et al., 2021). In (Demuru et al., 2017), researchers investigated the resemblance between 

twins from monozygotic (MZ) pairs using rMEG by examining similarities in the functional 
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(FC) or effective (EC) connectivity patterns. The connectivity measures used included AEC 

amongst others. The measure for similarity relied on the Spearman’s rank correlation 

coefficient.  

As for (Da et al., 2021), researchers performed individual identification across pairs of MEG 

data segments using either the functional or spectral connectivity features. The measure used 

for FC was AEC, and Power Spectral Density (PSD) was used for spectral fingerprinting. 

Identifying an individual was possible by finding the highest value in the Pearson’s 

correlation coefficient matrix for the feature (FC or PSD), where the corresponding column 

index determined the predicted identity.  

On the other hand, researchers of (Sareen et al., 2021) ran a deeper investigation into what 

influences the FC fingerprint. They studied the impact of the frequency bands (Delta, Theta, 

Alpha, Beta, and Gamma) on FC identification. They also investigated which brain 

connections contribute more to the FC identifiability. Lastly, they compared the FC 

fingerprinting feature patterns from the MEG data to those obtained from fMRI images of 

the same subject. The identifiability matrix for each of the FC measures was constructed 

based on Pearson’s correlation coefficient. 

Another type of neuroimaging that is vastly used in the research domain of FC fingerprinting 

is resting-state and behavioral fMRI, such as (Amico & Goñi, 2018; Finn et al., 2015). In 

(Finn et al., 2015), the FC of the target subject was identified by computing the Pearson 

correlation coefficient of the target FC against a sample database of FCs. As for (Amico & 

Goñi, 2018), researchers aimed to improve the self-identifiability results of the previous work 

of (Finn et al., 2015). This was possible by first reconstructing the individual connectivity 
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profile using Principal Component Analysis (PCA) to extract different components 

associated with the whole population, and then, the Pearson correlation coefficient for the FC 

was computed to identify the individual.  

The neuronal fingerprinting models of (Amico & Goñi, 2018; Da et al., 2021; Demuru et al., 

2017; Finn et al., 2015) showed very high and acceptable accuracy. Also, results were 

consistent in showing that that there is no association between the duration of the scan and 

the identifiability. Additionally, researchers verified that several variables did not contribute 

to self-identifiability, namely, motion, cardiac and ocular artifacts, sample heterogeneity (i.e., 

restricting fingerprinting to healthy participants), and the individual’s demographics such as 

age, sex, and handedness. 

With regards to (Sareen et al., 2021), their results showed that there is a high variability of 

functional connectivity measures across the tested frequency bands, where the Alpha and 

Beta frequency bands showed the best results. 

While the results of all cited papers above have shown high accuracy and robustness, they 

have relied solely on conventional statistical and machine learning methods. Therefore, this 

creates a research opportunity to explore the performance, sensitivity, and specificity of deep 

learning methods for the identification of individuals neuronal biomarkers.  

2.2 Deep Learning for FC Fingerprinting 

2.2.1 Theoretical Background: Convolutional Neural Networks 

Pattern recognition tasks, such as classification, fall under the category of supervised learning 

since they require labeled data for all classes in order to derive a discrimination function 

(Japkowicz, 2001). Artificial Neural Networks (ANN) are deep neural networks with many 
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layers able to handle huge amount of data to perform supervised deep learning such as 

regression analysis, and classification tasks (“Artificial Neural Networks,” 2021). One of the 

most popular ANNs are the Convolutional Neural Networks (CNNs) (LeCun, 1989) that 

have been extremely successful for pattern recognition applications (Basu et al., 2010). CNNs 

impressive ability to process images for pattern recognition allowed for it to be a winning 

design to classify the largest image dataset of the 2012 ImageNet challenge  (Krizhevsky et 

al., 2012). 

Structure of the Convolutional Neural Network 

Generally speaking, a CNN is a deep neural network with multiple layers, namely, 

convolution, pooling, non-linearity, and fully connected layers (Alom et al., 2019). Figure 1 

shows a representation for a multi-layered CNN with convolution and pooling layers for 

feature extraction, and fully connected layers for the classification. Each layer is defined 

below in greater details. 

 

Figure 1: Architecture of a Convolutional Neural Network including convolution, pooling, 

and fully connected layers. Adapted from (Alom et al., 2019). 
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The Convolution layer is the core building block of a CNN. Convolution is a mathematical 

operation where a matrix of weights called a kernel traverses the image to transform it. The 

output which is referred to as the feature map is the dot product of the filter weights of the 

kernel and the values of the input data matrix (Albawi et al., 2017). Refer to Figure 2 for an 

illustration of the convolution process.  

 

Figure 2: Example of a convolutional layer of size (5x5) and a kernel of size (3x3) 

The convolutional process is represented by equation (2) (Alom et al., 2019), where: 

❖ 𝑥𝑗
𝑙 is the output of layer 𝑙, and 𝑥𝑖

𝑙−1 is the output of layer 𝑙 − 1 

❖ 𝑤𝑖𝑗
𝑙  and 𝑏𝑗

𝑙 are the weights and biases which are defined by the CNN 

❖ 𝑀𝑗 represents the input layer map  

 

𝑥𝑗
𝑙 = 𝑓 ( ∑ 𝑥𝑖

(𝑙−1)
∗ 𝑤𝑖𝑗

𝑙 + 𝑏𝑗
𝑙

𝑖∈𝑀𝑗

) (2) 

Padding and stride are two other parameters that impact the size and shape of the feature 

map. Padding is used when it is desired to have a convolution output of the same size as the 

input, so zeros are padded to the input. Stride is the number of rows and columns in the input 
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image passed over by each slide of the kernel horizontally and vertically (Nielsen, 2015). 

Refer to Figure 3 for an illustration of padding and stride. The size of the output feature map 

can be calculated according to equation (3), and the number of rows and columns needed for 

padding, can be calculated according to equation (4) (Alom et al., 2019), where: 

❖ 𝑚 is the dimension of the output feature map? 

❖ 𝑛 is the dimension of the input 

❖ 𝑓 is the dimension of the kernel 

❖ 𝑠 is the stride value 

❖ 𝑝 is the number of rows and columns needed for padding 

.  

 
𝑚 =

𝑛 − 𝑓

𝑠
+ 1 (3) 

 
𝑝 =

𝑓 − 1

2
 (4) 

 

Figure 3: Example of a convolutional layer with padding and stride 
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The pooling layer is a subsampling layer where a pooling window traverses the input. The 

pooling layer output is deterministic depending on the type of the pooling layer; it computes 

the maximum or the average value of the pooling window (Albawi et al., 2017). The pooling 

function is represented by equation (5), where the down(.) function represents the 

subsampling process (Alom et al., 2019): 

 𝑥𝑗
𝑙 = 𝑑𝑜𝑤𝑛(𝑥𝑗

𝑙−1) (5) 

For example, if the input has size 𝑚 × 𝑚, and the pooling window has size 𝑛 × 𝑛 then the 

pooling layer reduces the input layer size by a factor of N: ((
𝑚

𝑛
) × (

𝑚

𝑛
)) . Refer to Figure 4 

for an illustration of the pooling layer. 

 

Figure 4: Example of average and max pooling layers with input size (4x4) and pooling 

window size (2x2) 

Looking at the convolutional and pooling layers from a wider perspective, the CNN 

capability to convolve can be interpreted as sliding filter that extracts local features from the 
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input data. In addition, hierarchical stacking of the convolutional layers combined with 

pooling layers allows for extracting global features from the input (Bock et al., 2021). 

Furthermore, the convolutional and pooling layers can be considered as linear systems since 

their outputs are geometric transformations of the inputs. These layers lack the ability to 

express the non-linearities existing in the data (Zoumpourlis et al., 2017). Hence, the non-

linearity layer is a crucial part of the CNN. 

The non-linearity layer, also referred to as a non-linear activation function, is used to apply 

a nonlinear transformation to data which allows the CNN to learn and recognize complex 

mappings from data (Mash et al., 2016). For example, the convolutional layer produces the 

dot product of sub-samples from the input data and the kernel, and then an activation function 

is used to get a transformed nonlinear output of the convolutional layer and supply it as input 

to the next layer(Sharma et al., 2020). It is important to note that the activation function does 

not change the size of the data. Two activation functions are are displayed in Figure 5: 

Rectified Linear Unit (ReLu) and Sigmoid which. 

 

Figure 5: Example for data transformation by ReLu and Sigmoid activation functions. 

Adapted from (Mash et al. ,2016) 
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ReLu layer for non-linearities has been highly successful for computer vision tasks and 

proved to be faster in training the CNN as compared to other activation functions (Dahl et 

al., 2013). ReLu activation function is a simple calculation that returns the value provided as 

input directly, or a value 0 if the input is 0 or less. Equation (6) notes the formula to transform 

the data with ReLu function (Mash et al., 2016): 

 𝑦 = 𝑚𝑎𝑥{0, 𝑥} (6) 

The Sigmoid activation function, also called the logistic sigmoid function, maps data into a 

small range between 0 and 1, which useful for interpreting output as a probability (Pratiwi et 

al., 2020). Equation (7) notes the formula to transform the data with Sigmoid function (Mash 

et al., 2016): 

 𝑦 =
1

1 + 𝑒−𝑥
 (7) 

Lastly, the fully connected layer refers to a layer where each neuron in it is directly connected 

to every neuron in both the previous and the next layers. This layer is useful at the end of the 

CNN model after the convolution, pooling and ReLu layers, to serve as the classification 

layer (Albawi et al., 2017).  

Training the Convolutional Neural Network 

In general, supervised feedforward neural networks involve an input vector and an associated 

response vector that represents the label. The common goal of the network is to use training 

data samples to make a function that approximates the label for unseen data during the 

training (Japkowicz, 2001).  During the training process, the CNN fits its parameters, which 

are the weights and biases, to the data via learning algorithms. These learning algorithms 

compare a given label to the predicted label from the network function and then adapt the 
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network parameters according to this comparison (Günther & Fritsch, 2010).  A general flow 

for training the neural network includes the following steps (Günther & Fritsch, 2010; 

Karnin, 1990). A pseudo code summarizing this section is presented in Table 2: 

1. Initial network weights and biases chosen randomly.  

2. Forward propagation refers to the process of propagating the input vector from the 

input layer, through the hidden layers, to the output layer. During forward 

propagation, the intermediate outputs, weights and biases of the neural network are 

stored (J. Li et al., 2012). Based on equations (2,6,7), forward propagation for two 

hidden layers, as in Figure 6, can be represented in simplified notation as in Table 1.  

Table 1: Notation for Forward Propagation 

Description Notation 

Value of neuron at hidden layer 1 𝑧2 = 𝑊1𝑥 + 𝑏1 

Activation function at hidden layer 1 𝑎2 = 𝑓(𝑧2) 

Value of neuron at hidden layer 2 𝑧3 = 𝑊2𝑎2 + 𝑏2 

Activation function at hidden layer 2 𝑎3 = 𝑓(𝑧3) 

Output 𝑠 = 𝑊3𝑎3 

3. A cost function measures the error which is the difference between predicted and 

expected output. One of the most popular cost functions is the mean square error 

(MSE) (Wu, 2017). The cost function C can be denoted as a function of predicted 

output 𝑠 and expected output 𝑦: 𝐶 = 𝑓(𝑠, 𝑦) 

4. In case that the expected output is not achieved, a learning algorithm, such as back 

propagation is used. Back propagation is a method to monitor and enhance the 
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learning of the CNN. It relies on the cost function and the gradient descent to adjust 

the parameters of the network in order to achieve the minimum error (J. Li et al., 

2012). The gradients for weights and biases are computed based on the chain rule in 

equations 8 and 9, and then the intermediate parameters are optimized as in equations 

10 and 11, where 𝜂 is the learning rate (J. Li et al., 2012): 

 
𝜕𝐶

𝜕𝑤𝑖𝑗
𝑙 =

𝜕𝐶

𝜕𝑧𝑖
𝑙

𝜕𝑧𝑖
𝑙

𝜕𝑤𝑖𝑗
𝑙 =  

𝜕𝐶

𝜕𝑧𝑖
𝑙 𝑎𝑗

𝑙−1 (8) 

 
𝜕𝐶

𝜕𝑏𝑖
𝑙 =

𝜕𝐶

𝜕𝑧𝑖
𝑙

𝜕𝑧𝑖
𝑙

𝜕𝑏𝑖
𝑙 =  

𝜕𝐶

𝜕𝑧𝑖
𝑙 (9) 

 
𝑤 ≔ 𝑤 − 𝜂

𝜕𝐶

𝜕𝑤
 

(10) 

 
𝑏 ≔ 𝑏 − 𝜂

𝜕𝐶

𝜕𝑏
 

(11) 

5. The process stops in case of convergence, where all absolute partial derivatives of 

the cost function with respect to the weights and biases are smaller than a given 

threshold. 
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Figure 6: A simple representation of a 2-layer neural network showing differences between 

forward and backward propagation 

Additionally, there are various techniques to improve the training of the deep learning model. 

These techniques include initialization, batch normalization, regularization, and 

optimization. Each method is described briefly below. 

❖ The initialization of parameters has a big impact on the overall network accuracy. A 

popular initialization approach is the one proposed by (He et al., 2015). As expressed 

in equation 12, the distribution of the weights of the 𝑙th layer is made to be normal 

(𝑁) with a mean of zero and a unit variance of 
2

𝑛1
, where 𝑛𝑙 equals the number of 

input neurons of the 𝑙th layer: 

 𝑤𝑙~𝑁 (0,
2

𝑛𝑙
) (12) 

❖ Batch Normalization is applied to internal layers of the network, where the features 

of a layer are independently normalized with a zero mean and a unit variance to 

eliminate the changes in the distributions of the internal layers. Batch normalization 
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impacts the overall accuracy as it allows the network to converge faster and enhances 

regularization of the training (Ioffe & Szegedy, 2015).  

❖ Dropout, proposed by (Hinton et al., 2012), is the simplest regularization method, 

where a random subset of activations in a layer is set to zero. Dropout impacts the 

overall accuracy as it reduces overfitting. 

❖ There are many optimization methods such as Adagrad, Adadelta, RMSprop, and 

Adam. The Adam optimizer was introduced by (Kingma & Ba, 2015) for calculating 

an adaptive learning rate based on the momentum and the magnitude of the gradient. 

As compared to previous optimization algorithms, Adam has proven to perform better 

for improving the overall accuracy and getting better convergence (Ruder, 2016).  

Table 2: Pseudo code sample for training a neural network 

Algorithm for training the neural network 

//certain function should be predefined such as activation and loss functions 

PROCEDURE Forward Propagation ()  

   FOR each layer  

    FOR each layer's neurons 

      Set weighted Sum to 0 // initialization 

      FOR each neuron's links 

        Multiply link's weight with associated previous Layer's neuron's value and add bias 

        Add result to weighted Sum 

      END FOR 

      Call activation function (weighted Sum) 
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Algorithm for training the neural network 

      Set neuron's value to result 

    END FOR 

  END FOR 

END PROCEDURE 

//Error summation function during forward pass 

PROCEDURE calculate Total Error () 

  Set total Error to 0 

  Call loss function () 

  Add result to total Error 

END PROCEDURE 

//certain functions should be predefined such as the gradient chain rule 

 PROCEDURE Back Propagation () 

  Get Total Error 

  FOR each layer  

     FOR each layer's neurons      

        FOR each neuron's links 

        Call Gradient Chain Rule function () 

        Set gradient to result 

        Compute link's new weight as weight - (learning Rate * gradient) 

        Compute link's new bias as bias - (learning Rate * gradient) 

    END FOR 
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Algorithm for training the neural network 

  END FOR 

Overwrite weights and biases 

END PROCEDURE 

 

2.2.2 Theoretical Background: Siamese Neural Network 

As mentioned previously, the Siamese neural network is used to identify individuals based 

on their rMEG FC metrics. As seen in Figure 7, there are three main components needed for 

building a Siamese network: 

❖ Two identical ANNs, also called the embedded networks, which share the same 

parameters. Design of the ANN is covered in section 2.2.1.  

❖ A distance function that computes the difference between the output feature vectors 

of the twin ANNs. Following the design of  (Dey et al., 2017), the Euclidean distance 

measure is used. The Euclidean distance 𝑑 is simply computed as the square root of 

the sum of the squared differences between the two vectors (𝑎, 𝑏) (Dokmanic et al., 

2015): 

 𝑑 = 𝑓(𝑎, 𝑏) = √∑(𝑎𝑖 − 𝑏𝑖)2

𝑖

 (13) 

❖ Lastly, a cost function is used to differentiate between the input pairs and evaluate 

similarity. The contrastive loss function is represented by equation (14) (Gildenblat 

& Klaiman, 2019; Koch et al., 2015). 

 𝐶(𝑑, 𝑦) = 𝑦𝑑2 + (1 − 𝑦) × 𝑚𝑎𝑥(0, (𝑚𝑎𝑟𝑔𝑖𝑛 − 𝑑))2 (14) 
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, where: 

o 𝑦 is the label. The label is equal to 1 for image pairs of the same class, 

otherwise, the label is 0. 

o 𝑑 is the Euclidean distance between the outputs of the twin ANNs. 

o The margin value is greater than 0. Having a margin indicates that dissimilar 

pairs that are beyond this margin will not contribute to the loss. 

o For dissimilar pairs, the loss becomes 𝐶(𝑑, 0) = 𝑚𝑎𝑥(0, (𝑚𝑎𝑟𝑔𝑖𝑛 − 𝑑))2. 

To minimize the loss, 𝑑 has to be maximized. 

o For similar pairs, the loss becomes 𝐶(𝑑, 1) = 𝑑2. To minimize the loss, 𝑑 has 

to be minimized. 
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Figure 7: A simple representation of a Siamese Neural Network 

2.2.3 Theoretical Background: Support Vector Machine 

As mentioned earlier, the performance of the deep learning model will be compared against 

a machine learning technique, which is Support Vector Machine (SVM), proposed by (Cortes 

& Vapnik, 1995). SVM is a discriminative supervised machine learning algorithm that is able 

to construct a hyperplane or a set of hyperplanes in high-dimensional spaces that are usually 

used to discriminate between different classes (Noble, 2006). For example, SVM is used for 

classifying human actions from video footage (Schuldt et al., 2004), and text classification 

(Sun et al., 2009). 
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SVM can be divided into linear and nonlinear models depending on the data. The general 

steps for nonlinear SVM are: (1) mapping the data to a feature space using a nonlinear kernel 

function, (2) mapping the feature space into the response set, and (3) dividing the data into 

classes. Unlike neural networks, the SVM feature space depends on the kernel function rather 

than the number of hidden layers (Noble, 2006). The formula to describe SVM is denoted by 

equation (15), where 𝑊 and 𝑏 are the weights and biases and ∅ is the kernel function 

(Suthaharan, 2016):  

 𝑦 = 𝑊∅𝑥 + 𝑏 (15) 

Let the kernel function ∅ be represented as a function that maps two n-dimensional vectors 

(𝑥, 𝑧) to a real number. Kernel functions can be in form of a linear function (equation 16), 

polynomial (equation 17), Gaussian Radial Basis Function (RBF) (equation 18), or sigmoid 

hyperbolic tangent (equation 19) (Patle & Chouhan, 2013): 

 𝑥𝑇𝑧 (16) 

 (𝑥𝑇𝑧 + 1)𝑑 (17) 

 𝑒𝑥𝑝(−𝛾‖𝑥 − 𝑧‖2) (18) 

 tanh(𝛾(𝑥𝑇𝑧) + 𝑐) (19) 

, where the parameters of these kernel functions are defined by the user: 

❖ 𝑑 denotes the degree and 𝑐 is a constant. Both are arbitrary 

❖ 𝛾 varies from 0 to 1  



32 

 

A Convolutional Neural Network Framework for the Identification of Individual Neuronal 

Biomarkers based on Functional Brain Connectivity using Magnetoencephalography 

Farah Mohammad Waseem Abdellatif 

2021 

2.3 Literature Review 

Deep Learning Applications in Neuroscience  

Deep generative models are advantageous over machine learning mainly because of the 

following characteristics: (i) multiple layers can be greedily learned one layer at a time, (ii) 

greedy learning can be  unsupervised, (iii) the ability to capture nonlinear distributed 

representations, and lastly (iv) performance can be improved further by fine-tuning the 

parameters of the final model (Salakhutdinov, 2015). These characteristics have allowed for 

deep learning methods to enhance the analysis for classification and representation learning 

using brain imaging. For example, in (Plis et al., 2014), researchers aimed to validate the 

feasibility of deep generative models, examine the effect of the depth in deep learning 

analysis, and determine the value of these methods for discovery of latent structure of a large 

dataset consisting of functional and structural magnetic resonance imaging (fMRI and sMRI). 

The results affirmed that deep learning models have a high potential in neuroimaging 

applications when compared to classical models used in the field. 

Moreover, applying a deep learning approach to process and learn from neuroimages has 

been consistent in providing superior performance over uni and multivariate analysis. In the 

work of (Thomas et al., 2019), researchers have extensively reviewed multiple researches 

involving the usage of a deep learning approach, a CNN to be specific, to examine 

neurological disorders. The results were observed to be consistently successful and highly 

accurate. While this review focused on the neurologically ill population, the same can be 

inferred for the healthy population.  
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In (X. Li et al., 2020), researchers proposed a CNN model to process the EEG signals for 

classifying healthy and mildly depressed patients. The CNN’s input was of an image type 

with 3 RGB channels (Red Green and Blue color channels). These images were transformed 

from the functional connectivity matrices that were calculated for every frequency band in 

the EEG (delta, theta, alpha, beta, and gamma band). Another research introduced a deep 

learning convolutional neural network (DCNN) workflow to process a spatiotemporal feature 

space (Hasasneh et al., 2018). That workflow was designed to automatically classify and 

remove unwanted ocular and cardiac artifacts form MEG/EEG data without the need for a 

reference, such as EOG and ECG recordings.  

While (Hasasneh et al., 2018; C. F. Liu et al., 2019; Plis et al., 2014; Thomas et al., 2019) 

and many others have provided valuable insights affirming the superiority of deep learning 

models over conventional methodologies for pattern recognition tasks, the case of individual 

identification has not been considered.  

Deep Similarity Learning 

Measuring similarity between two lists of elements has been, for many years, a fundamental 

goal in computer science research (W. Liu et al., 2019). There are many approaches to 

compute similarity, each is suitable for specific contexts. For example, the Euclidean distance 

is mainly used to highlight the geometric differences between two elements (Liberti & Lavor, 

2017), and Spearman’s coefficient is used when the rank order correlation is the focus of the 

study (Chengwei et al., 2015).  

All known measures of similarity have only been suitable for data samples which have the 

same dimensionality and type, that is until Bromley et al. introduced the Siamese Neural 
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Network in 1993 to solve an image matching problem for handwritten signature verification 

(Bromley et al., 1993). The complexity of the data was caused due to the characteristics of 

collected signatures, where each sample had different features even if it came from the same 

subject. For example, handwritten signatures of the same person would differ in the 

dimension and position of each character, the space occupied for the signature, the speed of 

signing, and others. The proposed architecture for the Siamese Neural Network consisted of 

a couple of identical artificial neural networks that work synchronously in learning features 

from distinct inputs and then compare their outputs through the cosine distance measure to 

provide a similarity result. Eventually, that network was able to successfully indicate if the 

two signatures were genuine, or if one was a forgery. (Bromley et al., 1993; Chicco, 2021).  

Ever since the appearance of the Siamese neural network model, it has been widely employed 

in various domains. An example from the medical imaging domain is (C. F. Liu et al., 2019), 

where the researchers proposed a deep learning framework based on the Siamese neural 

networks to detect neuroanatomical volume and shape asymmetries related to Alzheimer’s 

disease from whole brain Magneto Resonance Imaging (MRI) data. 

Furthermore, research in the signature forgery detection domain has been thriving after 

Bromley et al. published their novel approach (Bromley et al., 1993). Some of the recent 

examples are (Dey et al., 2017; Grafilon et al., 2017). The researchers of (Grafilon et al., 

2017) developed a mobile application to detect handwritten signature forgeries from photos 

taken by the smart phone’s camera. The detection system was based on the Siamese neural 

network design. As for (Dey et al., 2017), researchers have developed a robust convolutional 

Siamese neural network model named ‘SigNet’ for signature verification capable of handling 
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forgery detection in different languages and handwriting styles. ‘SigNet’ model used the 

Euclidean distance measure for comparison between the output of the twin neural nets. That 

approach is considered unconventional compared to many studies that followed the Bromley 

et al.’s original design using the cosine similarity distance measure. 

One of the most popular papers is by the name Siamese Neural Networks for One-Shot Image 

Recognition (Koch et al., 2015). The researchers have developed an impressive robust 

convolutional neural network framework based on the Siamese nets that successfully 

recognizes similar images using a single training sample per category. That work has proved 

the advantage of deep similarity learning over the traditional discriminative neural network 

approach for cases where the number of target categories is large and the number of training 

samples per category is very small.  

2.4 Summary 

MEG data is a considered a rich source for neuroscientists to infer descriptive features of the 

brain function. Two of these descriptive features are used for this study: Coherence and 

Amplitude Envelope Correlation. These features, also referred to as the functional 

connectome metrics of the subjects can be used to identify individuals from a cohort. As 

previously mentioned, many scientists have succeeded in creating statistical and machine 

learning models that performed robustly in identifying individuals. However, our goal for 

this study is to introduce a novel approach in this domain, which is deep similarity learning. 

Siamese neural networks have proven over time to be advantageous over commonly known 

designs using convolutional neural networks for image recognition when the data is fairly 
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small compared to the number of labels to predict. Lastly, a nonlinear SVM model will be 

used to benchmark the results of machine learning against deep learning. 
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 DEEP LEARNING MODEL DESIGN 

3.1 Introduction 

This chapter includes details about the workflow for this research. The FC data is processed 

according to the pipelines described in section 3.3, and then fed into the deep learning model, 

which is based on the Siamese neural network. Training of the Siamese network and the most 

promising design are defined in sections 3.4.1 and 3.4.2, respectively.  

3.2 About the Dataset 

The Human Connectome Project (HCP) represents the first attempt to collect and publicly 

share sufficient data on a large scale for the purpose of addressing the fundamental research 

questions about human connectional anatomy and variation (Van Essen et al., 2013). The 

data is based on an open dataset provided by the HCP named “1200 Subjects Data Release”. 

To describe the data in brief, the dataset includes high quality neuroimages from 1206 healthy 

young adults collected from August 2012‒October 2015. The rMEG scans only were used 

from this dataset which were acquired from 95 subjects in 3 sessions with an approximate 

duration of 6 minutes for each session. To acquire the rMEG scans, subjects were kept 

comfortable and were instructed to remain still and relax with eyes open during scanning 

(WU-Minn HCP 1200 Subjects Data Release Reference Manual, 2018). 

3.3 Data Processing 

A general view for the data processing procedures is illustrated in Figure 8, where the raw 

rMEG data is fed into the HCP preprocessing pipeline, and the resulting FC data is further 

processed and transformed. Each process is explained in greater details below.  
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Figure 8: Data Processing Block Diagram. The rMEG scans from the HCP are preprocessed 

to compute the coherence and AEC. The FC data is then further processed to be used in 

proper format as input for subsequent machine and deep learning analysis 

The HCP preprocessing pipeline includes noise artifact removal and sensor level analyses 

(Larson-Prior et al., 2014). Removal of data with larger noise and missing entries resulted in 

a decrease in the number of subjects used for analysis from 95 to 72. After time resolved 

source localization (Gramfort et al., 2014), the connectivity values between time courses of 

neuronal activity from 68 brain regions were computed. The connectivity metrics chosen for 

this research are coherence and AEC. 

The rMEG FC measures are affected by the selection of the frequency bins and it is common 

practice to compute connectivity measures over the known classical frequency bands Delta, 

Theta, Alpha, Beta, and Gamma (Papanicolaou et al., 2020). A widely used definition of the 

frequency bands is adapted for this research as follows:  

❖ Delta (1– 4) Hz, Theta (4– 8) Hz, Alpha (8– 13) Hz, Low Beta (13– 18) Hz, High 

Beta (18-30) Hz, Low Gamma (30– 80) Hz, and High Gamma (80– 200) Hz. 

The next step is further processing this FC data and transforming into proper shape for 

analysis and modelling. The FC Data Processing procedure begins with further cleaning the 

data to remove inconsistencies across subjects. For example, certain subjects had been 
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through 2 rMEG sessions instead of 3, therefore, data for these subjects was eliminated. As 

a result, the number of subjects used for analysis was decreased to 69 subjects with equal 

number of resting state recordings among all subjects. Regardless of its impact on the volume 

of data, the data cleaning task is vital to make sure that “dirty” data does not cause erroneous 

analysis and predictions (Chu et al., 2016; Rahm & Do, 2000). 

Afterwards, this clean FC data is transformed by applying local normalization. Two 

techniques were used for comparison purposes: Min-max and Z-score normalization. Min-

max normalization is a linear transformation technique to normalize data, where the 

minimum and maximum values of a data range are fetched, and all values in this range are 

transformed according to equation (20). Z-score normalization is used for standardizing data 

on the same scale according to equation (21). It is a measure for the number of standard 

deviations 𝜎 by which a given data point is above or below of the mean 𝜇. (Patro & Sahu, 

2015; Quackenbush, 2002).  

 𝑥′ =
𝑥 − min (x) 

max (𝑥) − min (𝑥)
 (20) 

 𝑧 =
𝑥 − 𝜇

𝜎
 (21) 

The processed FC values remained in vectorized form for the SVM but were transformed 

into square shape matrices (resembling 2-dimensional images) for the Siamese neural 

network. Each vector or image represents FC values for 1 subject, over 1 frequency band, for 

1 metric (Coherence or AEC), and for 1 experimental run. The vectors and matrices are 

displayed with colors in this figure for visualization purposes only. 
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3.4 The Siamese Neural Network  

The following sections present the training method and architecture of the Siamese network. 

It is worth noting that the Keras library (Chollet, 2015) was used for the implementation. 

3.4.1 Training the Neural Network 

The FC images were grouped, where every image had 2 matching pairs and 2 non-matching 

pairs. Afterwards, following common practice (Xu & Goodacre, 2018), the image pairs were 

split into 3 sets: 60 % for training, 20% for validation, and 20% testing. The flowchart for 

training the Siamese neural network is shown in Figure 9.  

 

Figure 9: Flowchart for training the Siamese Neural Network 
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The training starts with initialized weights and biases for the input layer by using the 

normalization method by (He et al., 2015). Batch normalization layers are added before every 

activation function to normalize intermediate weights and biases with a zero mean and a unit 

variance. Lastly, the hyperparameters for the embedded CNNs are tuned manually, such that 

parameters like the kernel size, the kernel numbers, the pooling type, the pooling size, the 

learning rate, and others are tested empirically while monitoring the loss and accuracy values 

over the validation set.  

3.4.2 Most Promising Architecture 

As discussed in the previous section, the architecture for the Siamese network was defined 

via empirical testing, where the parameters for the embedded CNN are: 

❖ First convolutional layer has 8 kernels 

❖ Second convolutional layer has 16 kernels 

❖ The kernels for both convolutional layers are of size (3,3) and have a stride of (1,1) 

❖ Average Pooling is used with a pool size of (2,2) 

❖ ReLu activation function is used for hidden layers  

❖ Sigmoid activation function is used for the classification layer 

❖ Adam Optimizer is used with a learning rate of 0.001 

The resulting architecture of the Siamese neural network is shown in Figure 10, where: 

❖ The input data is a 2-dimensional symmetric array of size (68 x 68) that is fed into a 

single channel of the CNN as a grayscale image. 

❖ Each embedded CNN network consists of 2 hidden layers followed by fully 

connected layers. 
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❖ The Euclidean distance function acts as the merging layer for the CNN outputs.  

❖ Contrastive loss is used to compute the output which is a binary label representing 

the semantic similarity between the projected representation of the input FC images. 

 

Figure 10: FC image pairs are fed into the twin CNNs. Each CNN has 2 hidden layers of 

convolution followed by Averaged pooling and then two fully connected layers. Outputs 

from the CNNs are merged via the Euclidean distance and then contrastive loss gives the 

similarity result 

3.5 Summary 

The rMEG Data is provided from the HCP and then processed, cleaned, and transformed into 

FC vectors and matrices. The processing procedures reduced the amount of data, but they 

remain vital for ensuring no “dirty” data is fed into the learning algorithms. The FC vectors 

and matrices included coherence and AEC measures over 7 different frequency bands. The 

SVM model requires data to be in vectorized form, and the Siamese network requires the 
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matrix-data to be fed in pairs. Data pairs were created by grouping matching and non-

matching pairs. Lastly, the most promising design of the Siamese network was defined via 

empirical testing of the parameters depending on the accuracy and loss of the validation 

dataset. 
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 RESULTS AND DISCUSSION  

4.1 Feature extraction 

It is important to note down the amount of FC data that is available for learning. There are 

69 subjects, where each subject has a total of 42 matrices or vectors for the machine learning 

and deep learning models to use for recognizing the patterns inside. The number 42 is 

acquired from 3 different rMEG experiments and 2 connectivity metrics computed for 7 

different frequency bands.  

Also, it is important to understand and compare the impact of the normalization onto the FC 

data. Figure 11 shows a side-to-side comparison of normalized and unnormalized FC data. 

As mentioned previously, coherence and AEC originally range from 0 to 1, refer to section 

2.1.1. This explains why Min-max normalization did not alter the data by much, where Z-

score standardization transforms the data distribution as expected. The FC matrices with the 

Z-scores show higher contrast and lower brightness. 
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Figure 11: Comparison of normalized and unnormalized FC data 

Furthermore, it is important to investigate the differences of the FC measures over the 7 

frequency bands. Figure 12 shows a side-to-side comparison of the coherence and AEC FC 

measures for 1 subject for each frequency band. It is observed, with the help of the color map, 

that AEC measure is impacted more than coherence by the frequency ranges. Another 

observation is that the 42 FC metrics per subjects do not necessarily include similar patterns, 

which increases the level of complexity for learning. 
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Figure 12: Min-max normalized FC values over the 7 frequency bands for a single subject 

4.2 Siamese Neural Network Model Results 

The Siamese neural network was tested with normalized and unnormalized data to investigate 

the effectiveness of the normalization methods. It can be seen in Table 3 that using 

normalization helps with increase the accuracy and decrease the loss. As for normalization, 

Z-score method provided slightly better results than Min-Max with an impressive accuracy 

of 97.4% and a loss of 2.2%. 
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Table 3: Siamese Network Results showing prediction accuracy and loss for normalized 

and unnormalized data 

Normalization Accuracy Loss 

Min-max 0.9638 0.0291 

Z-score 0.9741 0.0221 

None 0.9586 0.0319 

The neural network’s evaluation metrics which are accuracy of how often the predictions 

equal the labels and loss which is contrastive loss, are plotted in Figure 13 for all of the test 

runs of the Siamese Network. The common observation for all tests is that the network 

converges by the 20th epoch or earlier. Nonetheless, using Z-score normalized data allows 

for faster convergence amongst other tested data. Additionally, the results for unnormalized 

and Min-max normalized data are very similar, which is expected because the data is slightly 

changes by the Min-max function. Also, it is observed that the model with Z-score 

normalized data has a smoother curve with fewer spikes. Spikes are usually reduced via 

regularization methods, so it is interesting to observe that Z-score normalization helped 

slightly regularize the performance. It should be noted that very high accuracy was observed 

from the first tests to tune the parameters of the Siamese Network. Adjusting the parameters 

for each trial resulted in an increased accuracy and reduced loss by a small value of 10-2 

order. 
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Figure 13: Siamese Network evaluation metrics for data normalized and unnormalized data 
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4.3 Support Vector Machine Results 

SVM was tested with normalized and unnormalized FC vectors using 3 different types of 

nonlinear kernels, namely, polynomial, RBF, and sigmoid tanh. The results are displayed in 

Table 4, where: 

❖ Precision represents the ratio of (true positives)/ (predicted positives) 

❖ Recall represents the ratio of (true positives)/ (actual positives) 

❖ The F1-score is the weighted average of the precision and recall 

Table 4: SVM Results showing precision, recall, F1-score, and accuracy for normalized and 

unnormalized data 

Kernel Normalization Parameter1 Precision Recall F1score Accuracy 

Polynomial Min-max d =2 0.84 0.81 0.81 0.81 

RBF Min-max γ =0.1 0.92 0.69 0.77 0.69 

Sigmoid Min-max c =1, 

γ =default2 

0.75 0.21 0.29 0.21 

Polynomial Z-score d =2 0.84 0.80 0.81 0.80 

RBF Z-score γ =0.01 0.96 0.45 0.60 0.45 

Sigmoid Z-score c =3,  

γ =default 

0.82 0.78 0.78 0.78 

Polynomial None d =2 0.93 0.47 0.60 0.47 

RBF None γ =0.1 0.88 0.50 0.61 0.50 

Sigmoid None c =3,γ =0.01 0.26 0.07 0.08 0.07 

 
1 Refer to section 2.2.3 for details about the parameters 
2 Default value is 1/(number of features*variance) 
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It is interesting to observe that the SVM did not perform well with unnormalized data, 

regardless of its high similarity to the min-max normalized data. As for normalized data, the 

most promising performance of the SVM is obtained by using either Z-score or Min-max 

normalized data with the polynomial kernel of the 2nd degree. The polynomial SVM for 

normalized FC data was able to provide an 81% accuracy for Min-max normalized data with 

a high F1-score (0.8) indicating that the SVM had a very good ratio of true positive 

predictions compared to actual positive predictions.  

The RBF SVM kernel performed poorly across all trials even though it computes a similarity 

measure. Also, the sigmoid kernel performed the worst on all trials, and it was very 

challenging to tune its performance. The tanh sigmoid output can be interpreted a probability 

from [-1,1] which makes it a better fit for neural network classification tasks. 

4.4 Summary 

The data that is available for learning is relatively small compared to the huge amount of data 

that is usually used for deep learning. The data is not only small, but also highly complex, 

where the very few FC vectors of matrices available per subject are not necessarily similar. 

Regardless of these challenges for learning, the Siamese network was able to easily provide 

an impressive 97.4% prediction accuracy with a great convergence rate, where the SVM fell 

behind with 81% prediction accuracy. Furthermore, the Siamese network was able to robustly 

provide highly accurate predictions regardless of the method for normalizing or not 

normalizing the data, unlike the SVM whose performance was highly impacted by 

normalizing the FC data. 
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 CONCLUSIONS AND FUTURE WORK 

5.1 Conclusion 

The obtained results align with the initial assumption that the deep learning model, with 

special focus on CNNs, would outperform a classical computational model. Additionally, 

using the CNNs as commonly known to perform classification of 69 subjects with very few 

data is very challenging. However, using the CNN in such a design that computes the 

semantic similarity of the hidden features representation, provides highly impressive results, 

without the need to augment the data. Our results for the Siamese neural network affirmed 

that deep similarity learning is the most promising option for image pattern recognition when 

data is scarce. 

5.2 Contribution and Possible Applications 

This research introduced using a deep learning and machine learning model for the 

identification of neuronal biomarkers based on the brain functional connectivity. The next 

step is to work on publishing a paper in a scientific journal to share the work with the research 

community. Additionally, it would be beneficial to deploy deep learning-based software 

applications into the domain of neurophysiological diagnosis. Such applications would help 

specialists by saving the time needed to analyze the neuroimages and extract insights from 

them. 

5.3 Future Work  

There are many steps to build upon this research. Firstly, I would like to use other FC metrics 

to augment the data such as Phase Lag Index PLI, Phase Locking Value PLV, or others. 

Additionally, it would be interesting to study the impact of each frequency band on its own 
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on the performance. To be specific, the FC images can be fed into 3 channels to the CNN, 

where the 3rd dimension would be used for frequency. Lastly, it would be a great 

collaboration opportunity to introduce the deep learning model into multi-modal FC 

identification, where multiple neuroimage types are used such as fMRI and EEG for the same 

subject. 

5.4 Closing Remarks  

Technological advancements in the neuroimaging domain have allowed for a cross over with 

the artificial intelligence applications, especially with the neuronal data becoming more 

openly available for researchers to explore. While it could be challenging at first to grasp the 

concepts behind neural signal processing, with proper guidance from domain experts, a data 

scientist with pure engineering background like myself would be able to manipulate the data 

like any other and conduct proper research in machine learning and deep learning to solve 

the field specific problem.  
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 ABBREVIATIONS 

Table 5. Terminology and Definitions 

Term Definition 

AE Amplitude Envelope 

AEC Amplitude Envelope Correlation  

ANN Artificial Neural Network 

CNN Convolutional Neural Network  

DCNN Deep Learning Convolutional Neural Network 

EC Effective Connectivity or Effective Connectome 

EEG Electroencephalogram 

EOG Electrooculogram  

FC Functional Connectivity or Functional Connectome 

fMRI functional Magnetic Resonance Imaging  

HCP Human Connectome Project 

Hz Hertz 

MEG Magnetoencephalography  

MLP Multi-Layer Perceptron 

MRI Magneto Resonance Imaging 

MSE Mean Square Error 

MVPA Multivariate Pattern Analysis  

MZ Monozygotic 
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Term Definition 

PCA Principal Component Analysis  

PLI Phase Lag Index  

PLV Phase Locking Value 

PSD Power Spectral Density  

RBF Gaussian Radial Basis Function  

ReLu Rectified Linear Unit 

rMEG resting-state Magnetoencephalography  

sMRI structural Magnetic Resonance Imaging  

SVM Support Vector Machine  
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