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中文摘要 

重度憂鬱症現今被認為是一種慢性惡化的精神疾病，並且具有與其他症狀甚至

是自殺意念併發的風險。有一定比例的重度憂鬱症患者在嘗試過數種抗憂鬱藥

物的治療過後並無顯著好轉，而此類型的病患被發現其有一定機率能被經顱磁

刺激所治療。目前經顱磁刺激較為常見的類型有重複性經顱磁刺激與間歇性θ

脈衝式經顱磁刺激兩種，而是否能為患者於臨床治療前預測各參數對各自病人

的抗憂鬱反應並提供個人化精準有效的診療參數建議在未來將會是一個重要的

技術。本研究利用 129位重度憂鬱症患者的臨床腦電波資料訓練數種傳統與量

子機器學習演算法並建構全新的深度學習模型來對兩種模式的經顱磁刺激療效

進行訓練與預測，尤其針對幾乎沒有前人研究的間歇性θ脈衝式經顱磁刺激進

行療效預測，並在包含模型類型的選取、深度學習模型的損失函數等等地方盡

最大努力下避免模型過擬合。在結果中，本研究所提出的新式注意力機制卷積

時間序列深度學習模型在常見的深度學習模型中預測兩種經顱磁刺激療效的效

果均為最好。傳統機器學習方法中則使用了集成模型中的套袋與助推兩類模

型，本研究也提出了一個能夠優化模型敏感度的資料前處理演算法，其綜合效

果也較前人的支持向量機效果好。最後本研究也在真實的超導量子電腦上訓練

了量子機器學習模型，並由結果證明其效果比同種傳統演算法好上許多。 

關鍵字: 重度憂鬱症、腦電圖、經顱磁刺激、機器學習、深度學習、量子計算 
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ABSTRACT 

Major depressive disorder (MDD) is a chronic worsening mental illness with 

high comorbidity and there is a risk of complications with other symptoms or 

even suicidal ideation. A certain proportion of patients with severe depression 

have not significantly improved after trying several antidepressant treatments, 

and this type of patients has been found to have a certain chance of being treated 

by transcranial magnetic stimulation. At present, the more common types of 

transcranial magnetic stimulation are the repetitive transcranial magnetic 

stimulation and the intermittent theta-burst transcranial magnetic stimulation. 

Therefore, whether it can predict the antidepressant response of each parameter 

to each patient before clinical treatment and provide personalized, accurate and 

effective diagnosis and treatment parameter recommendations will be an 

important technology in the future. This study used the clinical 

electroencephalography (EEG) data of 129 patients with MDD to train several 

traditional and quantum machine learning algorithms and construct a new deep 

learning model to train and predict the efficacy of two modes of transcranial 

magnetic stimulation. Especially for the intermittent theta-burst transcranial 

magnetic stimulation, which is hardly studied by previous studies, the curative 



doi:10.6342/NTU202101201

3 

 

effect is predicted, and the model type selection, the loss function of the deep 

learning model, etc. are included in the best efforts to avoid the model 

overfitting. In the results, the new attention mechanism convolutional time series 

prototypical deep learning model (ACTSNet) proposed in this research has the 

best effect in predicting the efficacy of the two types of transcranial magnetic 

stimulation among the common deep learning models. Traditional machine 

learning methods use the bagging and boosting models. This research also 

proposes a data pre-processing algorithm, booster transformation, that can 

optimize the sensitivity of the model, and its comprehensive effect is also better 

than that of previous support vector machines (SVMs). Finally, this research also 

trained a quantum machine learning model on a real superconductor quantum 

computer, and the results proved that its effect is much better than the same 

traditional algorithm. 

 

Keywords: Major depressive disorder, Electroencephalography, Transcranial 

magnetic stimulation, Machine learning, Deep learning, Quantum computing 
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Chapter 1 Introduction 

1.1 Thesis Motivation 

Previous study in our team, by using a linear approach [29, 30], we discovered that 

rostral anterior cingulate cortex (rACC)-engaged cognitive task (RECT)-modulated 

frontal theta (the detail described in section 2.1) more accurately represents rACC 

behavior than non-modulated frontal theta. Recent studies in our team [31], we had 

found that RECT-modulated frontal theta could predict the antidepressant response 

for the patients with rTMS, but not iTBS, treatment by linear and nonlinear 

methods. However, the dataset was too small (𝑁𝑟𝑇𝑀𝑆 = 32, 𝑁𝑖𝑇𝐵𝑆 = 30), and the 

previous work only use support vector machine (SVM) [100] to predict well only 

on the rTMS patients but the iTBS. Having said that, a well-known problem of 

SVM that for a finite number of samples the minimization of SVM’s expected risk 

function alone does not lead to a good prediction model [113], thus SVM does not 

perform very well when the data set has more noise (i.e., target classes are 

overlapping) [113]. Because of the unique characteristics of omics data, such as the 

limited number of samples and large number of variables, an SVM classifier's 

overfitting in classification (the detail described in section 1.4.3) is technically 

increased, potentially leading to misleading diagnostic results [114]. In this thesis 
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we tried to find the good models for iTBS response prediction. Using the SVM 

model saved from [31] to make prediction on the new dataset, we found the model 

has overfitting problem on it, the antidepressant response could not be completely 

predicted. 

In this study, we used several classical machine learning and deep learning 

approaches with larger dataset (𝑁𝑟𝑇𝑀𝑆 = 62, 𝑁𝑖𝑇𝐵𝑆 = 67), modified both on 

increasing data and more complex, good generalization (anti-overfitting) ability 

algorithms to make the better performance models than SVM to predict the rTMS and 

iTBS response by EEG data correctly before treatment. 

In addition, quantum machine learning would be also applied on the treatment 

response prediction. The quantum machine learning approaches can embed the 

classical data as the Hamiltonian operators into the Hilbert space which may can let 

the same model learn more efficient than its classical version [105] and predicted the 

treatment response more accurately. 

 

1.2 Major Depressive Disorder (MDD) 

Major depressive disorder (MDD), also known as depression, is becoming more 

widely understood as a chronic, deteriorating condition with a high risk of 

comorbidity. MDD symptoms that persist can lead to worsening outcomes, such as 
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higher relapse rates, suicidality [1], a lower quality of life, and poor psychosocial 

functioning [2, 3, 4]. Low mood for at least two weeks, lack of confidence, changes in 

sleep habits, fatigue, increased or decreased appetite due to unexplained weight 

improvement, feelings of loss of hope or extreme pain, reduction in concentration, 

hesitancy, thoughts of death, and so on are all clinical signs of depression. MDD has a 

major impact on the patient's brain development and quality of life. As a 

consequence, how to handle and avoid MDD has become a global concern [5, 6, 7, 8, 

16]. MDD is typically diagnosed based on clinician judgments of depression scales 

such as the Statistical Manual on Mental Disorders, fifth edition (DSM-V) [9]. 

Electroencephalography (EEG), positron emission tomography (PET), and magnetic 

resonance imaging (MRI) have also been used in recent research to try to identify an 

objective biomarker to diagnose MDD (MRI). EEG is one of them, and because of its 

low cost and ease of recording, it is a valuable tool for evaluating MDD. 

 

1.3 Advanced Treatments for MDD Patients 

Because of their low cost and wide supply, antidepressant medications are now the 

first line of therapy for MDD patients. However, due to the high heterogeneity of 

MDD patients [10], about 33 % of them have a negative reaction to several 

antidepressants [10, 11]. As a result, therapies such as electroconvulsive therapy 
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(ECT), repetitive transcranial magnetic stimulation (rTMS), intermittent theta-burst 

stimulation (iTBS), and others exist in addition to medications. rTMS and iTBS use 

various transcranial magnetic stimulation (TMS) parameters. The antidepressant 

reaction of rTMS and iTBS therapies was the subject of this study. 

 

 
𝐹𝑖𝑔𝑢𝑟𝑒 1. 1: The brain stimulation treatments of MDD [11]. 

 

 

rTMS is a non-invasive, painless, and effective medication for depression that has 

been approved by the US Food and Drug Administration (FDA) and the Taiwan Food 

and Drug Administration (TFDA). Metal coils are used to directly emit heavy yet 

intermittent magnetic waves to various regions of the brain, causing a slight current to 

flow through the neural system. Recent research suggests that high-frequency (10Hz) 

rTMS applied to the left dorsolateral prefrontal cortex (DLPFC) might have a stronger 
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antidepressant answer [13]. iTBS is a newer type of rTMS, which takes shorter 

stimulation time and generate a powerful effect, the previous researches in our team 

have shown that the efficiency of iTBS is no less than rTMS [14, 15] (Figure 1.3), and 

have proved the efficacy both on the rTMS and iTBS therapies. 

 

 
𝐹𝑖𝑔𝑢𝑟𝑒 1. 2: The protocol of rTMS (on the left side), and the protocol of iTBS (on the 

right side) [12]. 

 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 1. 3: The clinical proof of the rTMS and iTBS on MDD [14, 15]. 
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1.4 Electroencephalogram 

1.4.1 Prediction of TMS Response by EEG 

Executive dysfunctions are linked to DLPFC in MDD patients. In the human brain, 

the DLPFC connects mental and cognitive functions [17]. During a depressive 

episode, the DLPFC and anterior cingulate cortex (ACC) can also transmit irregular 

signals from the amygdala [18]. The ACC is a part of the brain that integrates 

affective and attentional information, and it's particularly associated with attention 

dysfunctions in MDD patients [19, 20]. ACC is connected to prefrontal cortex (PFC) 

and amygdala, also acts as a bridge between attention and emotion, rostral anterior 

cingulate cortex (rACC) activity has been considered as a reliable biomarker for the 

antidepressant response [21]. Increased rACC activity may result in improved 

antidepressant responses in MDD patients [22]. Furthermore, an analysis found that 

the frontal theta EEG signal during corresponding mental activities indicates activity 

in the medial PFC and ACC [22, 23]. Theta waves are associated with frontal midline 

(ACC and PFC) cognitive control processes, as well as constructive and reactive 

cognitive control processes in the brain [24, 25]. PFC rTMS modulates not only 

geographical but also deeper regions, according to an analysis. (e.g., ACC, temporal 

cortex, and so on.) [26]. In conclusion, according to the previous study above, we can 
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use MDD EEG data to predict the response of the rTMS treatments [27]. However, 

the central mechanism of iTBS had been found to be different from that of rTMS 

[115], and involve functional changes of frontal cortex (i.e., fronto-cingulate circuit) 

[115]. So, the RECT-related program may not be optimal for prediction of iTBS 

antidepressant responses, but frontal signals may include useful information for the 

prediction of it. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 1. 4: Illustration of rACC [28]. 

 

1.4.2 Prediction of TMS Response by Artificial 

Intelligence with EEG Data 

Artificial Intelligence include the several types of learning algorithms like machine 

learning, deep learning, etc. (Figure 1.5). Machine learning technology has become 

widely used since 21th century and fitted in human daily life in many aspects. A key 
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to successful process of machine learning is the feature extraction from raw data 

before training the model. However, there was limitation in the traditional algorithms 

for us to design a universal feature extractor to recognize various complicated patterns 

such as natural language, image or time series. Fortunately, the development of deep 

learning technology helps us solve the problem. Deep learning architecture is 

composed of numerous perceptrons, which act like the neurons in human nervous 

system. The perceptrons are arranged in multiple layers to build a complex neural 

network. Each layer carries abundant parameters, which can be regulated at every 

iteration during training neural network. The key aspect of deep learning is that the 

computer can adjust the parameters itself without human’s aid. Whenever an input is 

inserted to the module, a loss function is carried out by calculating the error between 

the output and the true result. Recently, most practitioners often use some 

optimization algorithms like stochastic gradient descent (SGD) method [127] to 

minimize the loss function to improve the model. Another procedure called 

backpropagation [75] is used to adjust parameters in the multilayer network from 

output layers backward to input layers. And these properties may can apply on rTMS 

and iTBS response prediction to get better accuracy by MDD EEG data with model-

computed nonlinear features. 
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𝐹𝑖𝑔𝑢𝑟𝑒 1. 5: The rough map of artificial intelligence (AI). 

 

1.4.3 The Overfitting Problem on SVM 

Overfitting problem occurs when a learning algorithm (the classifier) fails the ability 

to generalize its learning and generates false diagnostic outcomes. It occurs when a 

model or algorithm that violates Occam's razor principle is used [118]: when too 

many parameters are introduced compared to the data set, or when a model that is too 

complex compared to the data set is used. It could get some positive diagnostic results 

on some training data, but it won't be able to generalize that skill to new test data. In 

other words, diagnostic findings are limited to a few unique data points rather than a 

broad range of information. In statistical learning theory, [119] proved that the 

probability of the test error distancing from an upper bound which is on data taken 
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from the same independent and identically distributed (i.i.d.) distribution as the 

training set can be described as the following:  

Pr(testing error ≤ training error + √
1

𝑁
[𝐷 (log (

2𝑁

𝐷
) + 1) − log (

𝜂

4
)]) = 1 − 𝜂 

where 𝐷 is the Vapnik-Chervonenkis (VC) dimension, a metric for the capability of 

a set of functions that can be learned using a statistical binary classification algorithm 

(complexity, expressive ability, richness, or flexibility) [120]. VC dimension defined 

as the cardinality of the largest set of data points that the algorithm can shatter, in 

other words VC dimension usually depends on the model complexity. 𝑁 is the size 

of the training set, and 0 < 𝜂 ≤ 1, is the probability of whether the equation is 

established. The mathematical rendition of overfitting is that when 𝐷 is large, the 

testing error may be much higher than the training error. To describe the upper and 

lower bonds more clearly, we can do a simple calculate to define the Vapnik-

Chervonenkis bond (VC bond) as the following: 

testing error ≤ training error + √
8

𝑁
log (

4(2𝑁)𝐷

𝜂
) 

in this lemma, the number of data point 𝑁 or 𝐷 is larger, the testing and training 

errors are closer. The VC bond can give the rough definition on overfitting of 

machine learning theoretically, but in real-world implements, the 𝐷 and 𝜂 are very 

hard to know, there are some more simple indexes can evaluate the rough trend of the 



doi:10.6342/NTU202101201

26 

 

generalization ability, e.g., the κ index [45, 46], and for the deep learning, there are 

also have some different theories tried to explain the overfitting mechanism and give 

the axiomatic approaches on neural network [121, 122, 123]. There have been several 

researches about the overfitting problems on SVM by the learning theory like risk 

bound, functional analysis, neural tangent kernel, margin bounds, generalization 

bounds, overparameterized models, and interpolated models by real analysis, etc. 

[113, 114, 116, 117, 124, 125]. In general, by only diagnosing a test sample as the 

plurality sort in the training results, the identity or isometric identity kernel matrix 

under the radial basis function (rbf) nonlinear kernel allows the SVM classifier to 

easily lose diagnostic capability [113, 114, 116]. In this thesis, we found that the 

previous SVM model [31] has the overfitting problem (described in the section 2.5), 

and we tried to find the larger 𝐷 (more complex), the larger κ models and increase 

the size of dataset to prevent the models from overfitting. 
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1.5 Thesis Organization 

This section describes the structure of this thesis. The first and second chapters 

provide a basic introduction to major depressive disorder (MDD), the relationship 

between Rostral Anterior Cingulate Cortex (rACC)-Engaging Cognitive Task (RECT) 

and electroencephalogram (EEG), rTMS and iTBS therapy, the potential overfitting 

problem from the previous research, and some artificial intelligence approaches. The 

third chapter describe the EEG analysis pipeline, the deep learning model we 

modified, the classical and quantum machine learning approaches we used for this 

work. The computational experiment results and comparisons were shown in the 

fourth chapter. The fifth chapter summarizes the results of this thesis and the sixth 

chapter proposes the future work.  
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Chapter 2 Previous Research 

2.1 Rostral Anterior Cingulate Cortex 

(rACC)-Engaging Cognitive Task (RECT) 

The frontal theta wave, on the other hand, can only partly indicate rACC behavior. In 

a previous study, our team discovered that using a linear approach, pre-treatment of 

modulated neural activity would better represent rACC activity than non-modulated 

activity [32] (Figure 2.2). The manipulating approach is computerized RECT which 

increases the rACC activity. The computerized RECT is a test designed according to 

the flexibility task of the Test for Attentional Performance [29]. The panel will begin 

to show a separate range of sharp and circular patterns on the left and right sides at 

random during the RECT test. Patients must locate the corresponding graphic using 

the rules we provided and click on it right away. The discriminating of sharp and 

round patterns has been known to improve prefrontal theta power, which is why 

graphs are shown in sharp and round patterns (Figure 2.1) [29]. A recent research 

conducted by our group discovered that using a nonlinear approach, RECT-modulated 

frontal theta could predict by logistic regression antidepressant reaction in patients 

receiving rTMS or iTBS therapy (Figure 2.3) [30].  



doi:10.6342/NTU202101201

29 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 2. 1: The procedure of RECT [29]. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 2. 2: RECT-modulated frontal theta more reflects rACC activity than non- 

modulated one [32]. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 2. 3: The classification result of applying nonlinear features with logistic 

regression to RECT-modulated frontal theta [30]. 
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2.2 Machine Learning on MDD EEG Data 

There are several related researches on applying machine learning methods for EEG 

[56, 57, 58, 59], and to predict the response of rTMS treatment on MDD patients [33, 

34, 35, 36, 37, 54], but the models they used are some relatively simple methods like 

k-nearest neighbor (KNN) [33] and support vector machine (SVM) [34, 35, 36, 37, 

54] with their manually extracted features. Different from the popular machine 

learning for tabular feature set, in the field of machine learning for continuous time 

series data, there are the type of algorithm called multivariate time series 

classification (MTSC) [128, 129, 130] which do not need to extract the features 

manually, on the other words, MTSC can process continuous time series data end-to-

end. At present, there are few studies on using bagging, boosting and MTSC machine 

learning methods to predict the response of rTMS. There is no research on using 

machine learning method to predict the response of iTBS by EEG data. Therefore, in 

this thesis, we used several machine learning methods like bagging, boosting and 

MTSC to train more powerful models to predict the response both on the rTMS and 

iTBS treatments.  
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2.3 Deep Learning on MDD EEG Data 

With the development of deep learning, deep learning-based time series classification 

approaches have also made great progress in previous studies for rTMS response 

prediction [37, 38, 39, 40]. However, the deep learning model used by the previous 

work [37, 38, 39] are mostly simple artificial neural network (ANN) [37, 38], deep 

neural network (DNN) [31] and back propagation neural network (bpNN) [39] instead 

of more advanced deep learning models. Nowadays, the most research on MDD EEG 

deep learning models is used to discriminate between depressive and normal control 

[41, 42]. There is no research on using machine learning method to predict the 

response of iTBS by EEG data, either. Hence, in this thesis, we specially tailored for 

MDD EEG time series data a new deep learning model, ACTSNet, to predict the 

response both on the rTMS and iTBS treatments.  

 

2.4 Quantum Machine Learning on Time 

Series Data 

The concept of quantum computing originated from Richard Feynman [131], where 

the perspective of using a supervised quantum method to simulate various forms of 

Hamiltonians was discussed. Quantum machine learning (QML) [132] is an 
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interdisciplinary discipline that incorporates quantum physics and machine learning 

and has exploded in popularity, drawing international interest in recent years. The 

fundamental issue in quantum machine learning is whether and how a quantum 

computer can improve existing machine learning methods [133]. In fact, the study of 

QML is more concerned with developing quantum algorithms that can solve machine 

learning problems more quickly than traditional methods such as classification tasks 

[103, 134, 135, 136, 137, 138], linear regression tasks [139, 140, 141, 142], clustering 

analysis [143, 144], dimensionality reduction tasks [134, 145, 146]. Because of the 

hardware technology technical limitations, humans do not apply the quantum machine 

learning algorithm on real-world data on the real quantum processer until recent years 

[43, 44, 168, 169, 170]. However, because of the high dimension of the EEG signal, 

many signal processing and machine learning techniques suffer from long processing 

and computation times. In order to achieve corresponding quantum speedup and 

embedding the features in the Hilbert space well by the quantum superposition and 

entanglement properties to learn well than classical machine learning, this thesis 

proposes a quantum mechanics-based method, quantum support vector machine 

(QSVM) [103], for classical features classification in the MDD EEG signal and run 

on the real IBM-Q quantum computer to predict the response both on the rTMS and 

iTBS treatments.  
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𝐹𝑖𝑔𝑢𝑟𝑒 2. 4: Illustration of classical bit and quantum bit (qubit) [126], 

 where 𝛼2 + 𝛽2 = 1. 

 

2.5 Previous Work is Overfitting on the 

New Dataset 

The previous study in our team [31] used SVM to predict the rTMS response with 

MDD EEG data, thus we do the validation with the model which saved from previous 

work [31], the validation result is shown in the Table 2.1. 

We can see that the validation performance on the new dataset (OPD dataset, detailed 

in chapter 3.) is not well enough, and have 40.1% lower than its original validation 

result on the accuracy, 50% lower than its original validation result on the sensitivity, 

and 37.1% lower than its original validation result on the specificity. It shows obvious 

overfitting phenomena, the reason may be presumed to be too less data point to train 
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well or the Vapnik-Chervonenkis (VC) dimension of the SVM model is too simple to 

represent and learn the complex representation from the MDD EEG data. 

 

2.6 Bagging/Boosting is Less Overfitting 

than SVM 

To solve the problem in section 2.5, we need to select the efficient methods better 

than SVM from many of machine learning approaches. According to [45, 46], the 

kappa index is bigger, the trend of model’s anti-overfitting (generalization) ability is 

better. And in order to hope to get more explainability on machine learning model, 

combining the above reasons above, we choosed the bagging (random forest) and 

boosting (XGBoost, and CatBoost) machine learning methods which can output the 

feature importance of the models to let us know which feature has larger weight in the 

Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N)  32 (previous dataset)  31 (OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Previous work  Previous work saved model 

  SVM  SVM 

Accuracy  91.1%  50.0% 

Sensitivity  83.3%  36.3% 

Specificity  95.0%  57.9% 

𝑇𝑎𝑏𝑙𝑒 2. 1: The validation result of SVM model saved form previous work [31]. 
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datasets. Bagging/boosting is better than SVM on many datasets [47, 48, 49, 50, 51]. 

Furthermore, there are many studies found that neural network based deep learning 

algorithms have better performance than SVM on various open datasets, and in 

TapNet [77], it provides a skill called prototypical learning [147, 148] which can let 

neural networks train well by small time series dataset and prevent the overfitting, 

thus in the deep learning part in this thesis I invented a new model inspired by TapNet 

to let the model train well on the MDD EEG dataset. 

 

2.7 Thesis Aims and Hypothesis 

Previous work’s model [31] is overfitting on the new OPD EEG dataset, and the 

previous work [30,31] did not find the good performance model for iTBS prediction 

task. We chose the bagging and boosting machine learning models because the 

characteristics of the model based on residual training make boosting better than 

SVM [50, 51], and the bagging model characteristics based on fusing different 

decision trees make it better than SVM [47, 52]. In this thesis we hypothesized that 

for the machine learning part we applied the larger 𝐷 (more complex), the larger κ 

models include boosting, bagging, machine learning (ML) methods and increase the 

data size. may do more accurate for rTMS and iTBS responder classification of the 

EEG bands than SVM did. For the deep learning part, we hypothesized that deep 
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learning algorithm can predict the rTMS and iTBS responder and non-responder 

accurately [41, 42, 43], and deep learning algorithms have better robustness than 

classical machine learning algorithms have [51]. For the number of the training data, 

there are some deep learning based MDD EEG prediction works showed that deep 

learning can work well on MDD EEG data (N=13 [53] ~ 55 [54]), but may have 

potential overfitting problems [41, 42, 43] and in some researches, prototypical 

learning can solve this problem to a certain degree [147, 148], thus we hypothesized 

that prototype learning based deep learning (DL) methods may do more accurate for 

rTMS and iTBS responder classification of the EEG bands than SVM on the small 

dataset. Lastly, for the quantum machine learning, we hypothesized that QSVM can 

learn well than classical SVM on the same features of MDD EEG data by the more 

efficient information embedding properties of quantum feature map. 
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Chapter 3 Methodology 

In this work, we designed the new methods to predict the responder and nonresponder 

of rTMS and iTBS from electroencephalography (EEG) by the deep learning, 

machine learning, and quantum machine learning algorithms. In the machine learning 

part, we both used the original machine learning methods and boostered machine 

learning methods, booster is the new transformation on the test data preprocessing 

that can shift the distribution of model performance we figured out. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 1: The overview of the methodology of this thesis. 
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3.1 EEG Data Acquisition 

3.1.1 Psychiatric Evaluations 

Psychiatric evaluations are used for evaluating mood and somatic severity. Patients 

were taken 17-item Hamilton Depression Rating Scale (HDRS-17), Young Mania 

Rating Scale (YMRS), Clinical Global Index-Severity (CGI-S), Maudsley staging 

method (MSM), Depression and Somatic Symptoms Scale (DSSS), and Life stress 

scale before any treatment (W0, baseline). Among them, HDRS-17, YMRS, CGI-S 

and MSM were evaluated by the clinician; DSSS and Life stress scale were filled by 

patients. However, all patients were only evaluated by HDRS-17, YMRS, CGI-S and 

DSSS after the 2-week treatment (W2). The HDRS-17 is the most widely used 

depression scale. Higher ratings indicate a more serious case of depression. The 

severity of the disorder can be determined by comparing the scores before and after 

therapy. In this research, the differences in HDRS-17 scores (W0 vs. W2) are the 

subject of this study. Responders are those whose HDRS-17 ratings have decreased 

by more than 50% at the completion of the two-week therapies (W2). 
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3.1.2 EEG Data Acquisition 

MDD patients' EEGs were recorded in a dimly lit, electrically shielded silent space. A 

standard 32-channel digital EEG cap (Quik-Cap) with Ag/AgCl electrodes was placed 

according to the international 10/20 system (Figure 3.2) [60]. The impedances of all 

EEG electrodes were held below 5 kΩ. The numbers "10" and "20" indicate that the 

distances between opposite electrodes are 10% and 20% of the overall front–back or 

right–left width of the skull, respectively. Neuroscan amplifiers (Nuamps) with 

Neuroscan 4.3 software or the Brain Products machine were used for EEG recording 

(each EEG signal for 5 minutes) while patients were seated in a comfortable arm-

chair with eyes closed.  

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 2: International 10/20 system of 32 channels placement [60]. 
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3.1.3 MDD EEG Datasets 

In this thesis, we used two different datasets. One is called previous dataset or clinical 

trial dataset, which was collected for the previous work [31] to compare the different 

groups (rTMS, iTBS, and sham control) to get some findings. The other is called 

clinical outpatient (OPD) dataset, which was collected from the real-world clinical 

trials. In the both datasets, the patients with depression diagnosed by DSM-IV as 

major depressive disorder (MDD) have no major medical and surgical problems and 

other major mental illnesses (such as: bipolar mood disorders, schizophrenia, organic 

psychosis, substance use-related diseases... etc.) [15], and no response to at least one 

antidepressant treatment (that is, no more than 50% improvement in melancholy 

mood after treatment with 10-20 mg of escitalopram in terms of drug dose conversion 

for at least 8 weeks). The main differences between these two datasets are that the 

clinical trial dataset (previous dataset) need the depression symptoms of patients are 

at least 18 points on the 17-item Hamilton Depression Rating Scale (HDRS-17) scale, 

and the Clinical Global Impression Severity score is at least 4 points. The patients in 

the clinical trial dataset will be randomly assigned 1:1:1 to iTBS (80% active motor 

threshold, 1800 rounds), 10-Hz rTMS (100% resting motor threshold, 3000 rounds), 

or placebo sham group (half for iTBS, half for 10-Hz rTMS, but with sham coil, the 
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patient will not receive real stimulation). Each patient will receive 10 brain nerve 

stimulation treatments once a day for 5 consecutive days and 2 consecutive weeks. In 

other words, the patients in the clinical OPD dataset there is no limit to the depressive 

symptoms of patients before treatment, but they must not be stable or consciously no 

longer depressed or HDRS-17 less than 7 points in order to be more widely used in 

clinics and does not have sham control group. All patients were received treatment of 

rTMS or iTBS, applied to left DLPFC, for two consecutive weeks (5 days/week). 

Parameters of rTMS is set to 10-Hz, 100% motor threshold, 4 seconds on and 26 

second off, 40 times/session (3000 pulses), and 5 sessions/week; parameters of iTBS 

is set to 3-pulse 50Hz bursts given every 200 milliseconds at 5 Hz with at an intensity 

of 80% active motor threshold, and a 2 seconds train of bursts was repeated every 10 

seconds for a total of 570 seconds (1800 pulses). For each patient, a 5-minute segment 

of EEG data will be recorded separately before and after a 10-minute RECT, referred 

to as the pre-RECT and post-RECT EEG signals, respectively. Patients received a 2-

week (10-day) regimen with active rTMS, iTBS, or sham (sham control group is only 

in the previous dataset). All the EEG data of MDD patients were supported by Dr. 

C.T. Li, Functional Neuroimaging and Brain Stimulation Lab, Taipei Veterans 

General Hospital. The following sections will describe the details of these two 

datasets. 
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3.1.3.1 Randomized Controlled Trial Data (RCTD) 

(Previous Dataset)  

The EEG data were recorded from 90 patients (31 male and 59 female). Age from 22 

to 72 years old. The dataset is used the same as the data in [31] in order to compare 

the model performance. Before rTMS, iTBS or sham treatments, all MDD patients 

were evaluated by 17-item Hamilton Depression Rating Scale (HDRS-17), Clinical 

Global Index (CGI) and Depression and Somatic Symptoms Scale (DSSS) at W0 

(baseline). The other details of this dataset about the clinical subjects are in the 

previous work [31] (e.g., data exclusion criteria). The dataset is shown in Table 3.1. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 3: The clinical design in the previous study [31]. 
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 rTMS (N=32) iTBS (N=30) Sham (N=28) P-Value 

Age (years) 46.5 (13.6) 47.1 (14.1) 47.2 (13.0) 0.994 

Sex, male/female 

(N/N) 
12/20 11/19 8/20 0.731 

HDRS-17 (W0) 23.0 (3.9) 22.9 (3.5) 23.1 (3.6) 0.958 

HDRS-17 (W2) 16.0 (6.6) 14.1 (6.8) 19.8 (6.0) 0.005 

Responders, N (%) 11 (34.8%) 13 (43.3%) 1 (3.6%) 0.002 

𝑇𝑎𝑏𝑙𝑒 3. 1: The detail of the RCTD (previous) dataset. 

3.1.3.2 Clinical OPD dataset 

The EEG data were recorded from 67 patients (27 male and 40 female). Age from 18 

to 77 years old. We did exclusion of the MDD patients data with obsessive-

compulsive disorder (OCD), dementia, fibromyalgia, and behavioral disorder (BD) 

complications to make the dataset more pure on MDD. Before rTMS, iTBS or sham 

treatments, all MDD patients were evaluated by 17-item Hamilton Depression Rating 

Scale (HDRS-17), Clinical Global Index (CGI) and Depression and Somatic 

Symptoms Scale (DSSS) at W0 (baseline). The dataset details are shown in Table 3.2. 
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𝐹𝑖𝑔𝑢𝑟𝑒 3. 4: The clinical design in this study. 

 rTMS (N=30) iTBS (N=37) P-Value 

Age (years) 51.1 (17.5) 47.9 (18.1) 0.461 

Sex, male/female (N/N) 10/20 17/20 0.299 

HDRS-17 (W0) 20.0 (5.5) 20.5 (7.4) 0.746 

HDRS-17 (W2) 12.6 (7.4) 11.5 (8.7) 0.579 

Responders, N (%) 12 (40.0%) 20 (54.1%) 0.258 

𝑇𝑎𝑏𝑙𝑒 3. 2: The detail of the OPD dataset. 

 rTMS iTBS 

 Previous 

(N=32) 

OPD  

(N=30) 
P-Value 

Previous 

(N=30) 

OPD  

(N=37) 
P-Value 

Age (years) 46.5 (13.6) 51.1 (17.5) 0.132 47.1 (14.1) 47.9 (18.1) 0.422 

Sex, 

male/female  
12/20 10/20 0.368 11/19 17/20 0.225 

HDRS-17 

(W0) 
23.0 (3.9) 20.0 (5.5) 0.106 22.9 (3.5) 20.5 (7.4) 0.339 

HDRS-17 

(W2) 
16.0 (6.6) 12.6 (7.4) 0.053 14.1 (6.8) 11.5 (8.7) 0.232 

Responders, 

N (%) 
11 (34.8%) 12 (40.0%) 0.327 13 (43.3%) 20 (54.1%) 0.195 

𝑇𝑎𝑏𝑙𝑒 3. 3: The comparison between the datasets. 
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The main different nature of these two datasets is that the previous dataset is the 

research used dataset, which heterogeneity is less than the real-word OPD dataset.  

To make more robust model with more wide distribution of MDD EEG data 

representation, we combined two datasets to train the machine learning models (detail 

described in chapter 4) if the premise conditions of machine environment permit.   

3.2 EEG Data Preprocessing  

The EEG raw data from the hospital have three datatypes due to different EEG 

recording machines made from the different companies, .cnt file (from 

Neuroscan), .edf file (European Data Format [61]) and .eeg/.vhdr/.vmrk files (from 

Brain Products). Moreover, EEG raw data contain several artifacts such as eye 

movement, eye blink, heart beats, muscle movement, and so on. Therefore, some 

preprocessing steps of EEG signals, including resampling, filtering, Independent 

Component Analysis (ICA) [62] methods were applied. The data preprocessing steps 

will be introduced in this section.  

 

3.2.1 EEG Signal Resampling 

The original raw data from all three types of data files are all 1,000 Hz and about 300 

seconds per file, include too high sample rate to analysis (1000Hz) because the 
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memory issue on the computer. The maximum frequency in this work, according to 

Nyquist frequency theorem [149], is about 60 Hz. As a consequence, to prevent 

aliasing effect, the sampling frequency must be greater than 120 Hz. To minimize 

computation time and memory, we resample the EEG data from 1,000 Hz to 250 Hz. 

 

3.2.2 Band Pass Filter 

The MDD EEG data is filtered by the band-pass finite-duration impulse response 

(FIR) filter with Hamming window. The low cut-off frequency is setting to 1 hertz 

because of the definition of delta band, and the high cut-off frequency is setting to 60 

hertz for the frequency of the noise from direct current (DC) power line and the 

definition of gamma band. 

 

3.2.3 Independent Component Analysis 

First, after we got the data from hospitals, we filtered the raw data from 1Hz to 60Hz 

and then do Independent Component Analysis (ICA) [62] to remove the noise such as 

electrooculogram (EOG) and electromyography (EMG). 

The independent component analysis (ICA) algorithm is shown below. Independent 

component analysis (ICA) [62, 63] is a powerful algorithm to remove the noise in 
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signal. To rigorously define ICA, we can use a statistical “latent variables” model. 

Assume that we observe 𝑛 linear mixtures 𝑥1, 𝑥2, … , 𝑥𝑛 of 𝑛 independent 

components like  

𝑥𝑖 = 𝑎𝑖1𝑠1 + 𝑎𝑖2𝑠2 +⋯+ 𝑎𝑖𝑛𝑠𝑛, ∀ 𝑖. 

In the ICA model, we assume that each mixture 𝑥𝑖 and independent component 𝑠𝑘 

is a random variable, and the ICA model is for non gaussianity. Without loss of 

generality, we can assume that both the mixture variables and the independent 

components have zero mean. Then, we rewrite the ICA equation above into the 

vector-matrix form  

x = As 

Using this vector-matrix notation, it is equivalent to 

𝒙 =∑𝑎𝑖

𝑛

𝑖=1

𝑠𝑖 

The ICA model is a generative model, which means that it describes how the 

observed data are generated by a process of mixing the components 𝑠𝑖. The 

independent components are latent variables, meaning that they cannot be directly 

observed. The mixing matrix is assumed to be unknown. All we observe is the 

random vector 𝒙,  and we must estimate both A and s using it. This must be done 

under as general assumptions as possible. 
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3.3 ACTSNet: Attentional Convolution 

Time Series Neural Network 

In this thesis, the electroencephalography (EEG) data recorded from the major 

depressive disorder (MDD) patients are considered as time series data. Time series 

data are the sets of sequential numerical values by time. The EEG data are continuous 

time series, and multivariate time series classification (MTSC) and deep learning 

algorithms are good at this [64, 65, 66, 67]. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 5: The MDD EEG (after ICA). 

Due to the well performance on image classification tasks, convolution-based neural 

network like convolutional neural network (CNN) [68], fully convolutional network 

(FCN) [69], multi-channel deep convolutional neural network (MCDCNN) [70], and 

residual network (ResNet) [71], etc. have been tried to use on time series 

classification tasks [66]. There are also time series data customized convolutional 
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network models like Time Le-Net (TLENT) [72] which is inspired by the great 

performance of Le-Net’s architecture for the document recognition task, and 

InceptionTime [73] which is affected by the inception module in Inception Network 

[74]. In the field of deep learning, recurrent neural network (RNN, or Naïve RNN) 

[75], its improved version, long short-term memory (LSTM) [76], and the 

modifications of combining with CNN, LSTM-FCN [79] and MLSTM-FCN [80], are 

often used to process time series data.  

All the experiments are run on three NVIDIA GeForce RTX TM 3090 graphic cards 

(graphic processing units, GPUs) with python 3.6+ (tensorflow, keras and pytorch 

frameworks) and CUDA 10.2+, the rough experiment flow is shown as below: 

 1. Read raw EEG data (.cnt/.edf/.eeg) and transform them into .npy for python 

processing. 

 2. Filter out frequencies other than 1Hz~60Hz. 

 3. Do independent component analysis (ICA) to remove the artifacts in EEG. 

 4. Separate alpha (α), beta (β), gamma (γ), delta (δ), theta (θ) sub-bands in 

FP1, FP2, F7, F3, Fz, F4, F8 electrodes by finite impulse response (FIR) filter. 

 5. Divide the data into train set and test set. Train the deep learning and 

multivariate time series classification classifiers models with train dataset. 

 6. Validation the model with test dataset (70:30), and modify the model till the 
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best performance. 

 7. Test the model with real world data (e.g., clinical data), and modify the 

model till the best performance. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 6: The methodology of deep learning and MTSC. 

 

3.3.1 ACTSNet Architecture 

At the time of writing this thesis, multivariate time series classification with 

attentional prototypical network (TapNet) [77] is one of the state-of-the-art (SOTA) 

deep learning model in time series classification task. It is an ensemble model of 

LSTM, CNN and attentional prototypical learning. By its prototypical learning 

architecture, it can train with small time series datasets and prevent overfitting, but it 
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did not perform well on the noisy data [89, 90] like MDD EEG data for its LSTM 

architecture (experiment results are in the section 4.1). Hence, I modified TapNet to a 

new model I figured out, attentional convolution time series with attentional 

prototypical network (ACTSNet). ACTSNet changed the LSTM module to the 

attentional convolution neural network, this module is inspired by the neural network 

called Encoder [78]. The attentional convolution (AC) of tensor 𝑋 is described as 

follows: 

𝐴𝐶 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑋) 

After AC layer is a multiply layer (Mul) to concatenate the tensor values, is shown as 

the following: 

𝑀𝑢𝑙 =  𝐴𝐶 ⊚ 𝑋  

where ⊚ is layer-wise tensor multiplication. 

In this attentional convolution neural network model structure I used three 1D-

concolution (Conv1D) layers, instance normolization (IN) [81], and parametric 

rectified linear unit (PReLU) [82, 83], attentional convolution (AC) and multiply 

layer (Mul) to let the ACTSNet on MDD EEG data classification task can perfrom 

better than original TapNet architecture. The detail architecture is shown as below: 

𝐴𝐶𝑇𝑆𝑁𝑒𝑡𝐴𝐶 = {3 × [𝐶𝑜𝑛𝑣1𝐷 + (𝐼𝑁 + 𝑃𝑅𝑒𝐿𝑈)] + 𝐴𝐶 +𝑀𝑢𝑙

+ 𝑓𝑢𝑙𝑙𝑦 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 (𝐹𝐶) + (𝑆𝑖𝑔𝑚𝑜𝑖𝑑 + 𝐼𝑁) + 𝑔𝑙𝑜𝑏𝑎𝑙 𝑝𝑜𝑜𝑙𝑖𝑛𝑔}. 
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3.3.2 Prototypical Learning 

Traditional deep learning networks which have an inductive bias due to the small 

number of training samples in time series results [147]. By training the distance-based 

loss function, [77] suggest a novel attentional prototype learning process. [77] learn a 

class prototype embedding by the algorithm in [148], for each class, and classify the 

input time series according to their distance from each class's prototype. According to 

the [148], let 𝑀𝑘 = [𝑚1, … ,𝑚|𝑆𝑘|] ∈ ℝ
|𝑆𝑘|×𝑑 be a matrix of time series embeddings 

belonging to the class 𝑘, where 𝑆𝑘 is the set of indices for data samples with class 

label 𝑘. Then, as seen below, a weighted sum of individual sample embeddings 

vectors 𝖍𝑘 of class prototypes can be used to display the prototype embedding of 

class 𝑘, 𝒲𝑘,𝑖 is the trainable weight of 𝑖𝑡ℎ data in class 𝑘 according to the 

embeddings of time series, and 𝑀𝑘,𝑖 represents the embedding of the data sample. 

𝖍𝑘 =∑𝒲𝑘,𝑖 ∙ 𝑀𝑘,𝑖

𝑖

 

We treat time series samples from the same class as a bag of discrete instances in 

particular. For each instance, an attention-based multi-instance pooling metod [151] is 

applied to determine its instance weight for each class prototype. The attention 

weights for the 𝑘𝑡ℎ class is: 

𝒲𝑘 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝓌𝑘
𝑇tanh (𝑉𝑘𝑀𝑘

𝑇)) 
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where 𝓌𝑘 ∈ ℝ
𝑢×1 and 𝑉𝑘 ∈ ℝ

𝑢×𝑑 are trainable separate parameters for the model, 

the hypothesis that the different classes may have distinct attentions on their feature 

spaces, 𝑢 is the size of hidden latent space dimension for 𝓌𝑘 and 𝑉𝑘. The 

distribution over classes for a given time series 𝒙 ∈ ℝ𝑑 can be expressed as a 

softmax over distances to prototypes in the embedding space as the equation below: 

𝓅Θ(𝑦 = 𝑘|𝒙) =
exp (−𝐷(𝑓Θ(𝒙), 𝖍𝑘))

∑ exp (−𝐷(𝑓Θ(𝒙), 𝖍𝑘))𝑖
 

where the distance function 𝐷 ∶ ℝ𝑑 × ℝ𝑑 ↦ [0,+∞) measure the distances between 

two embedding vectors 𝖍𝑘s. The distance function can be chosen from regular 

Bregman divergences [152]. In this thesis, we applied squared Euclidean distance: 

𝐷(𝒿, 𝒿′) = ||𝒿 − 𝒿′||2 

to measure the distances between two embedding vectors 𝖍𝑘s. The correlation 

between the class template and the time series is used to calculate the probabilities 

over classes, thus we multiply −1 in front of the distance function like what the 

related work did in [77]. Then the training of our model can proceed by minimizing 

the negative log probability (the equation below) of the true class via the Adam 

algorithm [153]. 

ℒ(Θ) = −log (𝓅Θ(𝑦 = 𝑘|𝒙)) 

[150] shows that the efficay of the convolutional prototype learning (CPL) neural 

network can address the open world recognition issue well, resulting in increased 
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robustness. CPL improve the intra-class compactness of the feature representation, 

which can be viewed as a generative model based on the Gaussian assumption of 

different classes, thence, in this thesis we use these architectures to create a new 

model, ACTSNet, to imporve the performance on rTMS and iTBS response 

prediction tasks. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 7: TapNet [77]. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 8: ACTSNet (My work). 
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3.4 Multivariate Time Series Classification 

(MTSC) Methods 

Multivariate time series classification (MTSC) stands for the type of machine learning 

approaches that do not need to extract features manually in this thesis, the model can 

deal with continuous time series data and make classification prediction end-to-end. 

MTSC algorithms is less popular than deep learning methods, but we still compared 

some MTSC algorithms with deep learning methods in this thesis. 

 

3.4.1 Bag-of-SFA-Symbols Ensemble (BOSS 

Ensemble) 

In this work, to compare the prediction results with the deep learning methods, we 

selected Bag-of-SFA-Symbols Ensemble (BOSS Ensemble) algorithm [84, 85] for its 

noise-resistant characteristics [86]. BOSS Ensemble is a dictionary-based MTSC 

machine learning approach, which combines symbolic Fourier approximation (SFA) 

[87] and bag-of-words (BoF) [88] methods to classified the time series. 
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𝐹𝑖𝑔𝑢𝑟𝑒 3. 9: BOSS Ensemble [85]. 

 

3.5 Classical Machine Learning Methods 

All the experiments are run on the computer with python 3.6+ (include scikit-learn 

framework), the statistical packages we used are scipy and pycm, the rough 

experiment flow is shown as the follows: 

 1. Read raw EEG data (.cnt/.edf/.eeg) and transform them into .npy for python 

processing. 

 2. Filter out frequencies other than 1Hz~60Hz. 

 3. Do independent component analysis (ICA) to remove the artifacts in EEG. 

 4. Separate alpha, beta, gamma, delta, theta sub-bands in FP1, FP2, F7, F3, Fz, 

F4, F8 electrodes by finite impulse response (FIR) filter. 
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 5. Linear and nonlinear features extraction and feature selection. 

 6. Divide the data into train set and test set randomly (70:30) for 10 times. 

Train the machine learning classifiers models with train dataset and average 

each accuracy for validation. (The code of feature extraction, selection and 

cross validation we used the same as it in [31] for the model performance 

comparison.) 

 7. Validation the model with test dataset, and modify the model till the best 

performance. 

 8. Test the model with real world data (e.g., clinical data), and modify the 

model till the best performance. 

 

3.5.1 Data Preprocessing 

We use FIR band-pass filters to decomposed EEG into 5 bands (delta to gamma) after 

ICA. Let the input electroencephalography data which after ICA is 𝐷, define the 

bandpass filter ℱ𝑘, 𝑘 ⊂ ℕ, 

{
 
 

 
 
𝛿 = ℱ[1,4)ℋ𝓏(𝐷),

𝜃 = ℱ[4,8)ℋ𝓏(𝐷),

𝛼 = ℱ[8,15)ℋ𝓏(𝐷),

𝛽 = ℱ[15,30)ℋ𝓏(𝐷),

𝛾 = ℱ[30,60)ℋ𝓏(𝐷)
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For the machine learning method, we should extract the features manually. We extract 

six features from the seven frontal electrodes. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 10: The methodology of classical machine learning. 
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3.5.2 Feature Extraction 

The novelty in our previous work [31] and in this thesis is we extracted both the linear 

and nonlinear features. We integrated all of the feature extraction methods used for 

predicting antidepressant reaction for rTMS and iTBS both in our previous work [31] 

and in this thesis. The features we extracted are Largest Lyapunov Exponent (LLE) 

[91], Detrended Fluctuation Analysis (DFA) [92], Approximate Entropy (ApEn) [93], 

Katz Fractal Dimension (KFD) [94], Higuchi Fractal Dimension (HFD) [95], and 

Welch method [96]. 

Categories Methods Features 

Nonlinear Trend Largest (Maximum) 

Lyapunov Exponent 

(LLE, MLE) [91] 

Instability or 

unpredictability 

 

Detrended Fluctuation 

Analysis (DFA) [92] 

Represent the long-range 

temporal correlation 

Complexity Approximate Entropy 

(ApEn) [93] 

Regularity and 

complexity 

Fractal Dimension Katz Fractal Dimension 

(KFD) [94] 

Obtains fractal 

dimension based on 

morphology, which 

measures the roughness 

of a time series 

Higuchi Fractal 

Dimension (HFD) [95] 

Quantifies the self-

similarity of an objection 

in the time domain 

Linear Band Power Welch periodogram [96] Compute band power by 

integration 

𝑇𝑎𝑏𝑙𝑒 3. 4: Feature extraction for EEG signals in the classical and quantum machine 

learning part this work. 
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3.5.2.1 Largest Lyapunov Exponent 

Lyapunov Exponents (LE), which provide a quantitative characterization of 

dynamical behavior, are related to the fast divergence or convergence of nearby paths 

in phase space. In most applications, the Largest Lyapunov Exponent (LLE) is widely 

used because LLE calculates the predictability of a system. The operation steps of 

LLE are described below. Assume 𝑆 = [𝑥(1), 𝑥(2), … , 𝑥(𝑁)] is the sequence of the 

data. Reconstructed phase space X is defined as 

𝑋(𝑖) = [𝑥(𝑖), . . , 𝑥(𝑖 + 𝑚 − 1)] 

where 𝑖 = 1,2, … , (𝑁 −𝑚 + 1) and 𝑚 is the embedding dimension. The maximum 

Lyapunov exponent λ1 is defined as  

𝑑𝑗(𝑖) = 𝑑𝑗(0)𝑒
λ1𝑖Δ𝑡 

where 𝑑𝑗(𝑖) is the average Euclidian distance between two nearby paths at 𝑡𝑖, and 

𝑑𝑗(0) is the Euclidian distance between 𝑗 𝑡ℎ pair of nearest neighbors. We can have 

𝑙𝑛 (𝑑𝑗(𝑖)) = 𝑙𝑛 (𝑑𝑗(0)) + λ1𝑖Δ𝑡 

Then we can calculate the LLE by fitting the slope of the best least squares curve to 

the mean log curve, which is defined as 

𝑦(𝑖) =
1

Δ𝑡
(𝑙𝑛 (𝑑𝑗(𝑡))) 
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3.5.2.2 Detrended Fluctuation Analysis 

Detrended Fluctuation Analysis (DFA), a nonlinear method for measuring the degree 

of long-range correlations in time-series data, quantifies the temporal property as 

index by scaling exponent. The operation steps of DFA are described below. Assume 

𝑆 = [𝑥(1), 𝑥(2), … , 𝑥(𝑁)] is the sequence of the data. 𝑁 new sequences are 

constructed for 𝑘 = 1,2,3, … ,𝑁, 

𝑦(𝑘) =∑[𝑥(𝑖) − ⟨𝑆⟩]

𝑘

𝑖=1

 

where ⟨𝑆⟩ is average value of 𝑆, which is defined as  

⟨𝑆⟩ =
1

𝑁
∑𝑥(𝑖)

𝑁

𝑖=1

 

𝑦(𝑘) is divided into equal box sizes n, each box size has a least square line, denoted 

by 𝑦𝑛(𝑘). Then we can compute the root mean square fluctuation 𝐹(𝑛) by 

𝐹(𝑛) = √
1

𝑁
∑[𝑦(𝑘) − 𝑦𝑛(𝑘)]2
𝑁

𝑘=1

 

Then the scaling exponent α of DFA can be computed as: 

α =
𝑙𝑜𝑔(𝐹(𝑛))

𝑙𝑜𝑔(𝑛)
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3.5.2.3 Katz Fractal Dimension (KFD) and Higuchi 

Fractal Dimension (HFD) 

The fractal dimension (FD) counts the effective number of degrees of freedom in the 

dynamical system and thus quantifies its complexity. Katz FD (KFD) and Higuchi FD 

(HFD) are two different methods to compute the self-similarity in FD. 

 

3.5.2.3.1 Katz Fractal Dimension 

The KFD obtains fractal dimension based on morphology, which measures the 

roughness of a time series. The operation steps of KFD are described below. Assume 

𝑆 = [𝑥(1), 𝑥(2), … , 𝑥(𝑁)] is the sequence of the data. For 𝑗 = 1,… ,𝑁. Find the 

maximum Euclidian distance between 𝑥(1) and 𝑥(𝑗) and call it 𝑑. Compute L as 

the total length of the time series  

𝐿 =∑𝑑(𝑥(𝑖), 𝑥(𝑖 − 1))

𝑁

𝑖=2

 

Compute a as the average distance between continuous points of S 

𝑎 =
𝐿

𝑁 − 1
 

Then we can compute KFD as 
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𝐾𝐹𝐷 =
𝑙𝑛
𝐿
𝑎

𝑙𝑛
𝑑
𝑎

 

 

3.5.2.3.2 Higuchi Fractal Dimension 

The HFD of a time series is a measure of its complexity and self-similarity in the time 

domain, which can easily give us stable indices and time scale corresponding to the 

characteristic frequency of a data. The operation steps of HFD are described below. 

Assume 𝑆 = [𝑥(1), 𝑥(2), … , 𝑥(𝑁)] is the sequence of the data. New sequences of 

length 𝑘 are constructed for 𝑚 = 1, 2, ..., 𝑘. 

𝑋𝑚
𝑘 = {𝑥(𝑚), 𝑥(𝑚 + 𝑘),… , 𝑥 (𝑚 + ⌊

𝑁 −𝑚

𝑘
⌋ 𝑘)} 

where k determines the delay in continuous points. The normalized average length 

𝐿𝑚 can be calculated as 

𝐿𝑚(𝑘) =
1

𝑘

∑ |𝑥(𝑚 + 𝑖𝑘) − 𝑥[𝑚 + (𝑖 − 1)]𝑘|
⌊
(𝑁−𝑚)
𝑘

⌋

𝑖=1
× (𝑁 − 1)

⌊
(𝑁 −𝑚)

𝑘
⌋

 

Compute the total average length for scale 𝑘 

𝐿(𝑘) =
1

𝑘
∑ 𝐿𝑚(𝑘)

𝑘

𝑚=1

 

Then we can calculate the HFD as the slope of the best least squares line for the curve 

𝑙𝑜𝑔𝐿(𝑘) versus 𝑙𝑜𝑔(1 𝑘⁄ ). 
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3.5.2.4 Approximate Entropy 

Approximate entropy (ApEn) is a nonlinear method that quantifies the amount of 

regularity and the unpredictability of a time-series data. The larger the ApEn, the 

greater the irregularity and unpredictability of a time-series data. The operation steps 

of ApEn are described below. Assume 𝑆 = [𝑥(1), 𝑥(2),… , 𝑥(𝑁)] is the sequence of 

the data, 𝑥∗(𝑖) is the subsequence of the original data 𝑆. 

𝑥∗(𝑖) = [𝑥(𝑖), 𝑥(𝑖 + 1), … , 𝑥(𝑖 − 𝑚 + 1)] 

where m is the length of sampling window. The threshold 𝑟 = 𝑆𝐷 ∗ 𝑘, where 

𝑆𝐷 means the standard deviation of 𝑆 and 𝑘 represents a constant between 0.1 and 

0.9. For each 1 ≤ 𝑖, 𝑗 ≤ 𝑁 −𝑚 + 1, 𝑖 ≠ 𝑗, 𝐶𝑖
𝑚 can be expressed as 

𝐶𝑟
𝑚(𝑟) =

∑ θ(𝑟 − |𝑥∗(𝑖) − 𝑥∗(𝑗)|)𝑁−𝑀+1
𝑗=1

𝑁 −𝑀 + 1
 

Where θ is the Heaviside function. The quantity Φ
𝑚
(𝑟) can be calculated as 

Φ
𝑚
(𝑟) =

∑ 𝑙𝑛𝐶𝑖
𝑚(𝑟)𝑁−𝑀+1

𝑗=1

𝑁 −𝑀 + 1
 

Then ApEn is defined as 

𝐴𝑝𝐸𝑛 =Φ
𝑚
(𝑟) −Φ

𝑚+1
(𝑟) 
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3.5.2.5 Welch Periodogram 

Welch periodogram is an approach for computing power spectral density (PSD). It is 

widely used for estimating the power of a signal. This method is based on the concept 

of using periodogram spectrum estimates, which are the result of converting a signal 

from time domain to frequency domain. The better performance of noise reduction 

from Welch periodogram is often desired in some works. The frequency spectrum is 

given by the operation step below. 

𝑃𝑊
𝑝(𝑓) =

1

𝑃
∑

1

𝑈𝐷𝑇
|𝑇∑𝑤[𝑛]𝑥𝑝[𝑛]𝑒−𝑗2π𝑓𝑛𝑇

𝐷−1

𝑛=0

|

2𝑃−1

𝑝=0

 

Where 𝑈 is the discrete-time window energy of 𝑤[𝑛] 

𝑈 = 𝑇∑𝑤2[𝑛]

𝐷−1

𝑛=0

 

 

3.5.3 Feature Selection 

We use the Shapiro-Wilk test and Levene's test before performing the one-way 

ANOVA test to ensure that the normal distribution and homogeneity of variance are 

not broken, respectively. If the outcomes of the two experiments were statistically 

important (𝑝 < 0.05), the Kruskal–Wallis test was used to compare them. Due to the 

limited sample size and non-normal distribution of our results, the Mann–Whitney U-
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test was used to compare responder and non-responder of each category. FDR-

corrected 𝑝 < 0.05, correcting for multiple comparisons. The feature set we selected 

and input into the machine learning and quantum machine learning model are 

statistically important (𝑝 < 0.05).  

 

3.5.4 Logistic Regression  

Logistic regression is a widely used [180] linear statistical model which is usually 

used to model the probability of a certain binary class based on logistic function [180] 

and there are many more complex extensions such as for several class classification, 

etc. In this thesis, according to the previous work in our team [30], we used the most 

popular form, the logistic regression with 𝑙2 penalty, the cost function shown as 

follows: 

𝑚𝑖𝑛𝑤,𝑐 [
1

2
𝑤𝑇𝑤 + 𝐶∑𝑙𝑜𝑔 (𝑒𝑥𝑝(−𝑦𝑖(𝑋𝑖

𝑇𝑤 + 𝑐)) + 1)

𝑛

𝑖=1

] 

where 𝑋 is the data, 𝑦 means the label, 𝑐 is a constant, 𝐶 = 1 is the inverse of 

regularization strength, and 𝑤 is the weight vector of the cost function. We use a 

type of quasi-Newton methods, an optimization algorithm that approximates the 

Broyden–Fletcher–Goldfarb–Shanno (BFGS) algorithm [181], to optimize this cost 

function with balanced class weight. In this thesis, we apply logistic regression as a 
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linear analysis method with optimal threshold to classify the TMS responder or non-

responder and compare the efficacy with the SVM machine learning method. 

 

3.5.5 Support Vector Machine (SVM) 

Support Vector Machine (SVM) [100] is a supervised machine learning algorithm for 

linear and nonlinear binary classification. The key concept of the SVM is that SVM 

need to separate the data points in different class by the hyperplanes with the largest 

optimal margin distance between each two classes. When the data points are not 

linearly-separable in the original space, kernel trick can be applied to project the data 

nonlinearly into higher dimensional space to hope that the hyperplane can separate 

them. To introduce simply this problem mathematically, we use the notation in [182]. 

Kernel SVM can be described as the follows: 

𝐾𝑆𝑉𝑀(𝑥) = 𝑠𝑖𝑔𝑛 (∑𝛼𝑛𝑦𝑛𝐾(𝑥𝑛, 𝑥
′) + 𝑏

𝑆𝑉

) 

where SV is the support vectors, 𝛼𝑛 is the optimal variable from the quadratic 

programming which fits the Karush-Kuhn-Tucker (KKT) optimality conditions, 𝑥𝑛 

is the data point, 𝑦𝑛 is the label, 𝐾(𝑥𝑛, 𝑥
′) means the kernel matrix and b is the bias 

constant. In this thesis we use the popular nonlinear kernel matrix called radial basis 

function (rbf) kernel, also called infinite dimensional transform or Gaussian SVM. 
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The rbf SVM is widely used in EEG classification [186]. The rbf kernel function 

shows below: 

𝐾(𝑥𝑛, 𝑥
′) = 𝑒𝑥𝑝(−𝛾‖𝑥𝑛 − 𝑥

′‖2), 𝑤𝑖𝑡ℎ 𝛾 > 0 

and this kernel function can be extended by Taylor expansion: 

𝐾(𝑥𝑛, 𝑥
′) =∑𝑒−𝛾𝑥𝑛

𝑇𝑥𝑛 ⋅ 𝑒−𝛾𝑥
′𝑇𝑥′

∞

𝑖=0

⋅
(2𝛾𝑥𝑛

𝑇𝑥′)𝑖

𝑖!
 

=∑𝑒−𝛾𝑥𝑛
𝑇𝑥𝑛 ⋅ 𝑒−𝛾𝑥

′𝑇𝑥′
∞

𝑖=0

⋅ √
2𝑖𝛾

𝑖!
√
2𝑖𝛾

𝑖!
(𝑥𝑛

𝑇𝑥′)𝑖 

After Taylor expansion, it can be seen that it is actually a combination of various sub-

items, from 0 sub-items to unlimited sub-items are included, the solution is actually a 

linear combination of Gaussian functions on SV.  
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3.5.6 Bagging and Boosting Classification Models 

The extracted features are discreate (tabular), and the bagging/boosting machine 

learning algorithms are good at this [50, 51, 52]. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 11: A part of iTBS 6 features on 7 electrodes of alpha band. 

 

According to [45, 46], the kappa index κ is bigger, the trend of model’s anti-

overfitting (generalization) ability is better, in [45, 46], the kappa index values of the 

bagging model like random forest [97, 98] and the boosting model like XGBoost [99] 

are larger than SVM [100].  
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3.5.6.1 XGBoost 

XGBoost, named from extreme gradient boosting, a highly efficient adaptive machine 

learning algorithm for tree boosting, has been commonly used in many fields to 

produce state-of-the-art outcomes on a variety of data challenges. XGBoost is an 

optimized distributed gradient boosting designed to be highly efficient, flexible and 

portable. The scalability of XGBoost is attributed to many important systems and 

algorithmic optimizations, including a novel tree learning algorithm, a theoretically 

justified weighted quantile sketch technique, as well as parallel and distributed 

computing, as developed by Tianqi Chen et al. It implements machine learning 

algorithms under the Gradient Boosting framework. XGBoost provides a parallel tree 

boosting (also known as GBDT, GBM) that solve many data science problems in a 

fast and accurate way. Tree boosting is a powerful ensemble learning algorithm that 

combines many weak classifiers into a single strong classifier for improved 

classification results. Let 𝐷 = (𝑥𝑖 , 𝑦𝑖)(|𝐷| = 𝑛, 𝑥𝑖 ∈ ℝ
m, yi ∈ ℝ

n) represents a 

dataset with 𝑛 samples and 𝑚 features. 

A tree boosting model with K trees output 𝑦𝑖̂ is defined as follows: 

𝑦𝑖̂ =∑𝑓𝑘(𝑥𝑖), 𝑓𝑘 ∈ 𝐹

𝐾

𝑘=1
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where 𝐹 is the function space of regression or classification trees (CART), 𝑇 

denotes the number of leaves on the tree and ω denotes the weights of leaf : 

𝐹 = {𝑓(𝑥) = {𝜔𝑞(𝑥)| 𝑞: ℝ
𝑚 ⟶ 𝑇,𝜔 ∈ ℝ𝑇}} 

The decision tree of XGBoost is defined as 𝑓𝑘(𝑥) = 𝑤𝑞(𝑥), 𝑥 is a sample, where 

𝑞(𝑥) represents the leaf node where the sample is located, and 𝑤𝑞 is the leaf node 

weight 𝑤, so 𝑤𝑞(𝑥) is the value w of each sample (that is, the predicted value). 

The objective function of tree model is 

𝑂(ϕ) =∑𝑙(𝑦𝑖̂, 𝑦𝑖)

𝑖

+∑Ω(𝑓𝑘)

𝑘

 

In the equation, 𝑙(𝑦𝑖̂, 𝑦𝑖) is the convex, differentiable loss function which measures 

the distance between the prediction 𝑦𝑖̂ and the object 𝑦𝑖, the second term Ω 

represents the penalty term of the tree model complexity. Minimizing the following 

objective function will be used to learn the set of functions 𝑓𝑘 in the tree model. 

In Euclidean space, a tree boosting model with the objective function above cannot be 

optimized using standard optimization approaches. Gradient Tree Boosting is an 

advanced variant of tree boosting that uses an additive training method to train the 

tree model, which means the prediction of the t-th iteration 𝑦(𝑡)̂ = 𝑦(𝑡−1)̂ +𝑓𝑡(𝑥). 

Thus, the t-th iteration is updated as 

𝑂(𝑡)(ϕ) =∑𝑙 (𝑦𝑖, 𝑦𝑖
(𝑡−1)̂ +𝑓𝑡(𝑥𝑖))

𝑛

𝑖=1

+Ω(𝑓𝑡) 
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XGBoost approximates the equation above by utilizing the second order Taylor 

expansion and the final objective function at step t can be rewritten as: 

𝑂(𝑡) ≅ 𝑂(𝑡)̃ =∑[𝑙(𝑦𝑖, 𝑦𝑖
(𝑡−1)̂ )+𝑔𝑖𝑓𝑡(𝑥𝑖) +

1

2
ℎ𝑖𝑓𝑡

2(𝑥𝑖)]

𝑛

𝑖=1

+Ω(𝑓𝑡) 

where 𝑔𝑖 and ℎ𝑖 are first and second order gradient statistics on the loss function, 

and in XGBoost, model complexity is Ω(𝑓𝑡) = 𝛾𝑇 +
1

2
𝜆||𝑤||

2
. T represents the 

number of leaf nodes of a given tree, 𝛾 and 𝜆 are the penalty terms. ||𝑤||
2
 

represents the square of the output score on each leaf node (equivalent to L2 

regularity). From the definition of the objective function, it can be seen that the 

penalty term of XGBoost takes into account the number of leaf nodes of each tree and 

the sum of squares of the output score of each leaf node for the model complexity. 

Denote 𝐼𝑗  =  {𝑖|𝑞(𝑥𝑖) = 𝑗} as the instance set of leaf 𝑗, after removing the constant 

terms and expanding Ω, the equation simplified as below: 

𝑂(𝑡)̃ =∑[(∑𝑔𝑖
𝑖∈𝐼𝑗

)ω𝑗 +
1

2
(∑ℎ𝑖
𝑖∈𝐼𝑗

+ λ)ω𝑗
2]

𝑇

𝑗=1

+ γ𝑇 

The following equation can be used to calculate the solution weight 𝜔𝑗
∗ of leaf 𝑗 for 

a given tree structure 𝑞(𝑥):  

ω𝑗
∗ = −

∑ 𝑔𝑖𝑖∈𝐼𝑗

∑ ℎ𝑖 + 𝜆𝑖∈𝐼𝑗

 

Substitute the 𝜔𝑗
∗ into 𝑂(𝑡)̃ , we can get a scoring function to evaluate the tree 

structure 𝑞(𝑥) and find the optimal tree structures for classification: 
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𝑂(𝑞)̃ = −
1

2
∑

(∑ 𝑔𝑖𝑖∈𝐼𝑗
)
2

∑ ℎ𝑖𝑖∈𝐼𝑗
+ 𝜆

𝑇

𝑗=1

 +  𝛾𝑇 

In fact, however, it is difficult to search all feasible tree structures 𝑞. The XGBoost 

paper defines a greedy algorithm that begins with a single leaf and grows the tree 

structure by adding branches iteratively. The following function will determine 

whether or not a split should be added to the current tree structure: 

𝑂𝑠𝑝𝑙𝑖𝑡 =
1

2
[
(∑ 𝑔𝑖𝑖∈𝐼𝐿 )

2

∑ ℎ𝑖𝑖∈𝐼𝐿 + 𝜆
+
(∑ 𝑔𝑖𝑖∈𝐼𝑅 )

2

∑ ℎ𝑖𝑖∈𝐼𝑅 + 𝜆
−
(∑ 𝑔𝑖𝑖∈{I|𝐼=𝐼𝐿∪𝐼𝑅} )

2

∑ ℎ𝑖𝑖∈{I|𝐼=𝐼𝐿∪𝐼𝑅} + 𝜆
] − 𝛾 

where 𝐼𝐿 and 𝐼𝑅 are the instance sets of left and right nodes after the split. 

The author emphasizes that compared with regularized greedy forest, this penalty 

item is more convenient for optimization of parallel computing. XGBoost is a fast 

implementation of GB algorithm, which has the advantages of fast speed and high 

accuracy. 

 

3.5.6.2 CatBoost 

CatBoost [101], named from categorical boosting, is a kind of gradient boosting 

decision tree (GBDT) machine learning algorithm and it was proposed by engineers 

of Yandex company in 2017. It can deal with problems involving multiple functions, 

noisy data, and complex dependencies. CatBoost has the following benefits over other 

GBDT algorithms: 
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Firstly, instead of preprocessing time, categorical characteristics are dealt with during 

training time. CatBoost allows the use of whole dataset for training. This algorithm is 

capable of handling categorical functions. Categorical elements can be replaced with 

average label values using the traditional GBDT algorithm. The average label value 

will be used as the metric for node splitting in a decision tree. Greedy Target-based 

Statistics (GTBS) is the name of this procedure, which is defined as follows: 

𝐺𝑇𝐵𝑆 =
∑ [𝑥𝑗,𝑘 = 𝑥𝑖,𝑘]𝑌𝑖
𝑝
𝑗=1

∑ [𝑥𝑗,𝑘 = 𝑥𝑖,𝑘]
𝑛
𝑗=1

 

Features, on the whole, provide more detail than labels. If we forcibly reflect features 

using average label worth, it will lead to a conditional shift [102]. CatBoost adds a 

prior value to GTBS to solve this problem. Assume we've been given a series of data 

𝐷 = {𝑋𝑖, 𝑌𝑖}, 𝑖 = 1, … , 𝑛 to work with, if a permutation is σ = [σ1, … , σ𝑛]𝑛
𝑇,  

𝑥σ𝑝,𝑘 =
∑ [𝑥σ𝑗,𝑘 = 𝑥σ𝑝,𝑘]
𝑝−1
𝑗=1 𝑌σ𝑗 + β𝑃

∑ [𝑥σ𝑗,𝑘 = 𝑥σ𝑝,𝑘]
𝑝−1
𝑗=1 + 𝛽

 

where 𝑃 is a prior value and β is the prior weight. For regression tasks, the basic 

method for measuring prior is to take the dataset's average label value. 

Secondly, many of the categorical characteristics could be combined to form a single 

one. CatBoost considers the combinations in a greedy manner while creating a new 

split for the tree. For the first split in the tree, no combinations are considered; 

however, for the second and subsequent splits, CatBoost blends all predetermined 
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combinations with all categorical features in the dataset. All splits selected in the tree 

are considered as a category with two values and used in combination. 

Thirdly, the most important contribution of CatBoost is the unbiased boosting with 

categorical features. When using the target statistics method to transform categorical 

attributes into numerical values, the distribution will vary from the initial distribution, 

and this divergence will allow the solution to deviate, which is an unavoidable issue 

for conventional GBDT methods. Via theoretical research, CatBoost paper developed 

a new approach for overcoming gradient bias called ordered boosting. The following 

is the pseudo-code for ordered boosting: 

Algorithm: Ordered Boosting [101] 

Input: {(𝑋𝑘, 𝑌𝑘)}𝑘=1
𝑛  ordered according to σ, the number of trees 𝐼 ; 

    σ ← random permutation of [1, 𝑛] 

    𝑀𝑖 ← 0 for 𝑖 = 1, … , 𝑛 

    for 𝑡 ← 1 𝑡𝑜 𝐼 do 

      for 𝑖 ← 1 𝑡𝑜 𝑛 do 

          𝑟𝑖 ← 𝑦𝑖 −𝑀σ(𝑖)−1(𝑋𝑖); 

    for 𝑖 ← 1 𝑡𝑜 𝑛 do 

    Δ𝑀 ← 𝐿𝑒𝑎𝑟𝑛𝑀𝑜𝑑𝑒𝑙[(𝑋𝑖, 𝑟𝑗): σ(𝑗) ≤ 𝑖] 

    𝑀𝑖 ← 𝑀𝑖 +Δ𝑀 

return 𝑀𝑛. 

 

Note that 𝑀𝑖 is trained without using the example 𝑋𝑖 and each 𝑀𝑖 shares the 

same tree structure. 

𝑇𝑎𝑏𝑙𝑒 3. 5: Order Boosting algorithm. 
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Random permutations of the training data are produced in CatBoost. By sampling a 

random permutation and collecting gradients on its basis, several permutations can be 

used to improve the algorithm's robustness. These permutations are the same as those 

used to calculate categorical function statistics, and CatBoost does gradient algorithm 

by minimal variance sampling (MVS) [185] to let every leaf node has different 

weights. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 12: The comparison of XGBoost and CatBoost algorithms. 

 

3.5.6.3 Random Forest 

 Random Forests (RF) combines multiple decision tree classifiers and employs 

Breiman's "bagging" concept to combine multiple decision trees into a single, 

powerful model. It employs the self-help approach (also known as bootstrap 
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resampling technology) to create new training sample sets from the initial N training 

samples by selecting random k (k<N) sets of samples repeatedly. Some samples may 

be taken more than once during the overall selection process. Approximately 36.8% 

of the training data will not be sampled in each round of random bagging sampling, 

referred to as out-of-bag (OOB) data. These uncollected data aren't included in model 

fitting during training, but they can be used to determine a model's generalization 

capacity.  

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 13: Random Forest algorithm. 

 

The training sample is used to produce k buffeting decision or regression trees 

(CART) for the construction of random forests, and the test sample is then classified 

using majority vote decision or average return values. Random forests in general can 

achieve strong generalization ability and low variance tolerance without additional 

pruning due to the fact that randomness can efficiently minimize model variance. Of 
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course, as the model's fit improves during testing, the bias increases, but this is just 

relative.  

The CART algorithm, though, is a binary tree, which means that each non-leaf node 

can only lead to two branches. A non-leaf node that is a multi-level (more than two) 

discrete variable is likely to be seen more than once. Around the same time, if a non-

leaf node is a continuous variable, it would be treated as a discrete variable by the 

decision tree. The CART used in RF is based on the Gini coefficient's feature 

selection. The Gini coefficient is chosen based on the requirement that each child 

node achieves maximum purity, with all observations on that child node falling under 

the same classification. In this case, the Gini coefficient achieves its lowest value 

while maintaining the greatest purity, thus Gini coefficient is also called Gini impurity 

in some papers.  

CART's Gini impurity on the n-th tree which has 𝐽 nodes is calculated as follows:  

𝐺𝑖𝑛𝑖(𝑛) = ∑𝑝𝑘(1 − 𝑝𝑘)

𝐽

𝑘=1

 

When traversing each feature's segmentation points, if feature 𝐴 is used, 𝐷 is 

divided into two parts, namely 𝐷1 (the sample set is 𝐴) and 𝐷2 (the sample set is 

not 𝐴). The Gini coefficient of 𝐷 is: 

𝐺𝑖𝑛𝑖(𝐷, 𝐴) =
𝐷1
𝐷
𝐺𝑖𝑛𝑖(𝐷1) +

𝐷2
𝐷
𝐺𝑖𝑛𝑖(𝐷2) 
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where 𝐺𝑖𝑛𝑖(𝐷, 𝐴) represents the uncertainty of 𝐷. The aim of a CART in RF is to 

find the feature segmentation point with the smallest Gini coefficients by traversing 

all possible feature segmentation points in the tree and splitting the data set into two 

subsets until the stop condition is met.  

 

Algorithm: Random Forest [52, 97] 

1. for 𝑏 = 1 to 𝐵: 

(a) Draw a bootstrap sample 𝑋∗ of size 𝑁 from the training data 

(b) Grow a decision tree 𝑇𝑏 to the data 𝑋∗ by doing the following recursively 

until the minimum node size 𝑛𝑚𝑖𝑛 is reached: 

i. Select 𝑚 of the 𝑝 variables 

ii. Pick the best variable/split-point from the 𝑚 variables and partition 

2. Output the ensemble {𝑇𝑏}𝑏
𝐵 

 

Let 𝐶̂𝑏(𝑥
∗) be predicted class of tree 𝑇𝑏. Then 𝐶̂𝑟𝑓

𝐵 (𝑥∗) = majority vote𝐶̂𝑏(𝑥
∗)1
𝐵. 

𝑇𝑎𝑏𝑙𝑒 3. 6: Random Forest algorithm. 

 

In RF, the CART algorithm is not like other conventional algorithms. To begin with, 

each function chosen for use in an RF tree is created at random from all m features, 

reducing the probability and propensity of overfitting. Relevant eigenvalues or 

function variations would not decide the model. The regulation of the model's fitting 

potential would not change forever as randomness is increased. Second, unlike 

ordinary decision trees, RF increases decision tree establishment. To do the left and 

right subtree division of a decision tree, an ordinary decision tree requires selecting an 
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optimal function from among all m sample features on the node. Each RF tree, on the 

other hand, is made up of specific features. An optimal function is chosen from 

among these few features to separate the left and right subtrees of the decision tree, 

increasing the impact of randomness and the model's generalization potential. If each 

tree has m sub properties, the smaller the m sub, the weaker the model's fitting degree 

to the training set will be, and the bias will increase, but the model's generalization 

potential will be greater, and the variance will decrease. The same is true for a broader 

m sub. In reality, the value of m sub is usually treated as a parameter that is 

continuously tweaked until it reaches a satisfactory level. 

 

3.5.7 The Booster Transformation 

I figured out a navel test data preprocessing method, Booster Transformation. Let 𝑋 

is the training dataset and 𝑌 is the testing dataset in the dataset 𝐷𝐸𝐸𝐺 , 𝐹𝐴(⋅) is the 

feature set which generate by 𝐴 algorithm.  

Thus, 

ℱ = {𝐹𝐿𝐿𝐸(𝑋), 𝐹𝐷𝐹𝐴(𝑋), 𝐹𝐾𝐹𝐷(𝑋), 𝐹𝐻𝐹𝐷(𝑋), 𝐹𝐴𝑝𝐸𝑛, 𝐹𝑊𝑒𝑙𝑐ℎ} 

And the booster transformation is described as below: 

𝐵𝑜𝑜𝑠𝑡𝑒𝑟 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 = ⋃ (𝑌𝑖⊙ℱ𝑖)

𝑑𝑖𝑚(ℱ)−1

𝑖=0
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which ⊙ is Hadamard product. 

And apply on model 𝑀, the best result can select as: 

  𝑠𝑢𝑝𝑖 {𝑀𝑟[ ⋃ (𝑌𝑖⊙ℱ𝑖)

𝑑𝑖𝑚(ℱ)−1

𝑖=0

]|𝑟 ∈ (𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦, 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦, 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦)} 

This transformation is a filter that can amplify the characteristics of the extracted 

feature set, and then shift the distribution of the sensitivity and specificity on the same 

dataset applied model. In the field of clinical medicine, need to select the high 

sensitivity model, for the sensitivity (true positive rate) is higher, the rate which the 

real patients do treatment is higher.   
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3.6 Quantum Machine Learning Methods 

All the classical signal preprocessing and feature extraction processes are run on the 

computer with python 3.6+ and all the quantum computing are done with Qiskit 

0.22.0 on IBMQ quantum computer. The rough experiment flow is as the following: 

 1. Read raw EEG data (.cnt/.edf/.eeg) and transform them into .npy for python 

processing. 

 2. Filter out frequencies other than 1Hz~60Hz. 

 3. Do independent component analysis (ICA) to remove the artifacts in EEG. 

 4. Separate alpha, beta, gamma, delta, theta sub-bands in FP1, FP2, F7, F3, Fz, 

F4, F8 electrodes by finite impulse response (FIR) filter. 

 5. Linear and nonlinear features extraction and feature selection. 

 6. Divide the data into train set and test set. Train the quantum machine 

learning classifiers models with train dataset. 

 7. Optimize the number of used qubits. 

 8. Validation the model with test dataset (70:30), and modify the model till the 

best performance. 

 9. Test the model with real world data (e.g., clinical data), and modify the 

model till the best performance. 
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3.6.1 Data Preprocessing, Feature Extraction and 

Selection 

I used FIR band-pass filters to divide EEG into 5 bands after ICA. Other processing 

steps are the same as section 3.5.1, 3.5.2, and 3.5.3. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 14: The methodology of quantum machine learning. 



doi:10.6342/NTU202101201

84 

 

3.6.2 Introduction to Quantum Computing 

The most widely accepted model of quantum computation describes the process as a 

network of quantum logic gates. A classical circuit can be thought of as an abstract 

linear-algebraic generalization of this model. A quantum computer capable of 

successfully operating these circuits is known to be physically realizable and this 

circuit model obeys quantum mechanics. There are 2𝑛 possible states in a memory 

of 𝑛 bits of data. As a result, a vector containing all memory states has 2𝑛 entries 

(one for each state). This vector can be thought of as a chance vector, as it indicates 

that the memory will be located in a certain state. The Bloch sphere is a representation 

of a qubit, the fundamental building block of quantum computers [178]. In the view 

of classical computation, one entry would have a value of 1 (i.e., a 100% 

probability of being in this state) and all other entries would have a value of zero. 

Probability vectors are extended to density operators in quantum mechanics. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 15: Bloch sphere. 
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This is the mathematical basis for quantum logic gates that is theoretically rigorous, 

but the intermediate quantum state vector formalism is typically adopted first because 

it is conceptually simpler [178], thus a quantum computing algorithm can be divided 

into several reversible matrix multiplication combinations of quantum logic gates in 

this view. The quantum gates must be unitary operators mathematically, and are often 

described as unitary matrices relative to some orthogonal basis. 

 
𝐹𝑖𝑔𝑢𝑟𝑒 3. 16: Common quantum logic gates [44]. 

 

Quantum bits (qubits) have the superposition properties in quantum physics, the 

superposition can be represented as a vector: 

|𝜓𝑛⟩ = ∑ 𝛼𝑖|𝑖𝑏⟩

2𝑛−1

𝑖=0

 

where 𝛼𝑖 ∈ ℂ,∑ |𝛼𝑖|
22𝑛−1

𝑖=0 = 1 is the amplitude of the qubits, |𝑖𝑏⟩ is the 

computational basis in the Hilbert space, and |𝜓𝑛⟩ is the quantum state. To know the 

computational result from the quantum processer after the computation, we need to 
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perform the quantum measurement on the quantum state |𝜓𝑛⟩, and |𝜓𝑛⟩ will 

collapse to the basis state |𝑖𝑏⟩ with the probability |𝛼𝑖|
2. The qubits can have 

entanglement states by the matrix multiplication combinations of quantum gates,  

this is the key powerful characteristic that can reduce the computational time 

complexity exponentially and speed-up the computation. 

  

3.6.3 Quantum Support Vector Machine (QSVM) 

Quantum support vector machine (QSVM) is a kind of quantum machine learning 

algorithm which figured out by [103]. In the field of quantum machine learning, 

QSVM [106] is a kind of quantum variational classification algorithm. QSVM is a 

quantum computing version support vector machine algorithm in general.  

The difference between the classical computing and quantum computing is that 

quantum bit (qubit) has three main characteristics which different from classical bit: 

quantum superposition, quantum entanglement and quantum tunneling.  

These characteristics can provide several special computing peculiarities based on 

quantum physics like reduce the computational complexity [104], enhance the state 

space for feature embedding [105, 108], etc. The QSVM construct a separating 

hyperplane in the state space of 𝑛 qubits, and the classical data of the features 
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extracted from MDD EEG are mapped to the state space with 𝑑𝑖𝑚 = 4𝑛 using a 

unitary circuit family starting from the reference state  |0⟩⟨0|𝑛. 

In a similar way to support vector machines (SVM), QSVM takes advantage of 

quantum processor's big dimensional Hilbert space to find an ideal cutting 

hyperplane. The algorithm is divided into two parts: a training stage and a 

classification stage.  

A collection of named data points is given for the training level, on which the 

algorithm is run. We take a separate set of data points for the classification stage and 

run the optimized classifying circuit on them without any label input. Then we 

calculate a performance ratio for the data collection by comparing the mark of and 

data point to the output of the classifier. The quantum circuit that implements the 

algorithm has three key sections for both the training and classification stages: feature 

map encoding, variational optimization, and measurement. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 3. 17: Quantum variational classification [106]. 
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The circuit takes a references state, |0⟩𝑛 , applies the unitary 𝒰Φ(𝑥⃗) followed by the 

variational unitary 𝑊(𝜃⃗) and applies a measurement in the Z-basis. The resulting bit 

string 𝑧 ∈ {0,1}𝑛 is then mapped to a label in 𝐶. This circuit is sampled and re-run 

several times to approximate the expected performance. The expectation value is  

𝑝𝑦 = ⟨Φ(𝑥⃗)|𝑊†(𝜃⃗)𝑀𝑦𝑊(𝜃⃗)|Φ(𝑥⃗)⟩ 

for the labels 𝑦 ∈ 𝐶 = +1,−1.  

Algorithm: Quantum Variational Classification: The Training Phase [106]  

Input: Labeled training samples 𝑇 = {𝑥⃗  ∈Ω ⊂ ℝ𝑛 } × {𝑦 ∈ 𝐶}, Optimization 

routine. 

Parameters: Number of measurement shots 𝑅, initial parameter 𝜃0⃗⃗⃗⃗⃗. 

Calibrate the quantum hardware to generate short depth trial circuits. 

Set initial values of the variational parameters 𝜃⃗ = 𝜃0⃗⃗⃗⃗⃗ for the short-depth circuit 

𝑊(𝜃⃗) 

while Optimization (e.g., SPSA [156]) of 𝑅𝑒𝑚𝑝(𝜃⃗) has not converged do 

 for𝑖 = 1𝑡𝑜|𝑇| do 

    Set the counter 𝑟𝑦 = 0 ∀ 𝑦 ∈ 𝐶. 

    for 𝑠ℎ𝑜𝑡 = 1 𝑡𝑜 𝑅 do 

      Use 𝒰Φ(𝑥⃗𝑖)
 to prepare initial feature map state |Φ(𝑥⃗𝑖)⟩⟨Φ(𝑥⃗𝑖)| 

      Apply discriminator circuit 𝑊(𝜃⃗) to the initial feature map state. 

      Apply |𝐶| − outcome measurement {𝑀𝑦}𝑦∈𝐶 

      Record measurement outcome label 𝑦 by setting 𝑟𝑦 → 𝑟𝑦 + 1 

end for 

Construct empirical distribution 𝑝𝑦̂(𝑥⃗𝑖) = 𝑟𝑦𝑅
−1. 

Evaluate 𝑃𝑟(𝑚̃(𝑥⃗𝑖) ≠ 𝑦𝑖|𝑚(𝑥⃗) = 𝑦𝑖) with 𝑝𝑦̂(𝑥⃗𝑖) and 𝑦𝑖 

Add contribution 𝑃𝑟(𝑚̃(𝑥⃗𝑖) ≠ 𝑦𝑖|𝑚(𝑥⃗) = 𝑦𝑖) to cost function 𝑅𝑒𝑚𝑝(𝜃⃗). 

end for 

  Use optimization routine to propose new 𝜃⃗ with information from 𝑅𝑒𝑚𝑝(𝜃⃗) 

end while 

return the final parameter 𝜃∗⃗⃗⃗⃗⃗ and value of the cost function 𝑅𝑒𝑚𝑝(θ
∗). 

𝑇𝑎𝑏𝑙𝑒 3. 7: Quantum Variational Classification algorithm: the training phase. 
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After the training phase is complete, the classification can be applied.  

Algorithm: Quantum Variational Classification: The Classification Phase [106]  

Input: An unlabeled sample from the test set 𝑠 ∈ 𝑆, optimal parameters 𝜃∗⃗⃗⃗⃗⃗ for the 

discriminator circuit.  

Parameters: Number of measurement shots 𝑅. 

Calibrate the quantum hardware to generate short depth trial circuits. 

Set the counter 𝑟𝑦 = 0 ∀ 𝑦 ∈ 𝐶  

for 𝑠ℎ𝑜𝑡 = 1 𝑡𝑜 𝑅 do 

  Use 𝒰Φ(𝑠) to prepare initial feature map state |Φ(𝑠)⟩⟨Φ(𝑠)| 

  Apply optimal discriminator circuit 𝑊(𝜃∗⃗⃗⃗⃗⃗) to the initial feature map state. 

  Apply |𝐶| − outcome measurement {𝑀𝑦}𝑦∈𝐶 

  Record measurement outcome label 𝑦 by setting 𝑟𝑦 → 𝑟𝑦 + 1 

end for 

Construct empirical distribution 𝑝𝑦̂(𝑠) = 𝑟𝑦𝑅
−1. 

Set label = 𝑎𝑟𝑔𝑚𝑎𝑥𝑦{𝑝𝑦̂(𝑠)} 

return label 

𝑇𝑎𝑏𝑙𝑒 3. 8: Quantum Variational Classification algorithm: the classification phase. 

 

We construct the classifier portion of the variational algorithm by appending layers of 

single-qubit unitaries and entangling gates to the layout of the function map circuit.  

The general circuit is comprised of the following sequence of single qubit and multi-

qubit gates:  

𝑊(𝜃⃗) = 𝑈𝑙𝑜𝑐
(𝑙) (𝜃𝑙)𝑈𝑒𝑛𝑡…𝑈𝑙𝑜𝑐

(2)(𝜃2)𝑈𝑒𝑛𝑡𝑈𝑙𝑜𝑐
(1)(𝜃1). 

where the circuit 𝑙 repeated entanglers, layers of local single qubit rotations should 

be interspersed between them: 
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𝑈𝑙𝑜𝑐
(𝑡)(𝜃𝑡) =⨂𝑈(θ𝑚,𝑡)

𝑛

𝑚=1

 

and  

𝑈(θ𝑚,𝑡) = 𝑒𝑖
1
2
θ𝑚,𝑡
𝑧 𝑍𝑚𝑒𝑖

1
2
θ𝑚,𝑡
𝑦

𝑌𝑚  

parametrized by θ𝑡 ∈ ℝ
2𝑛, and the θ𝑖,𝑡 ∈ ℝ

2. 𝑈𝑒𝑛𝑡 has many choices theoretically, 

and in this thesis we chose as follows,  

𝑈𝑒𝑛𝑡 = ∏ 𝐶𝑋

{(𝑖, 𝑗)∈𝐸 ||𝐸|≤𝑛(𝑛−1)/2}

 

we used the entangler that is comprised of products of control phase gates 𝐶𝑋 =

𝐶𝑋(𝑖, 𝑗) (controlled Pauli X gate, also called controlled-x gate) between qubits i and j 

by the default of Qiskit [109] settings.  

To reduce the number of parameters to be treated by the classical optimizer, the 

classifier's single-qubit unitaries are limited to Y and Z rotations. 

The optimal parameters are used to decide the correct label for new input data. In 

comparison to the classical equivalent, an exponential acceleration is achieved using 

Hamiltonian simulation and matrix inversion in the original QSVM model. When the 

input training feature set 𝒯 = {(𝒙𝒊⃗⃗⃗⃗ , 𝑦𝑖): 𝒙𝒊⃗⃗⃗⃗ ∈ ℝ
𝐿 , 𝑦𝑖 = ±1}𝑖=1

𝑀 , the following system 

of linear equations is used to formulate it: 

𝐹(𝑀+1)×(𝑀+1) (
𝛽

𝛼⃗
) ≡ (

0 1⃗⃗𝑇

1⃗⃗ 𝐾 + 𝛾−1 ∙ 1⃗⃗𝑇
) (
𝛽

𝛼⃗
) = (

0
𝑦⃗
) 

where L is the number of the electrode channel, M is the number of the extracted 

features, 𝒙𝒊 is the input classical feature, 𝑦𝑖 is the label with responder= +1 and 
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non-responder= −1, 𝐾𝑖𝑗 = 𝑘(𝒙𝒊⃗⃗⃗⃗ , 𝒙𝒋⃗⃗⃗⃗ ) is the symmetric kernel matrix, 1⃗⃗ =

[1,1,1, . . . ,1]T and 𝛾, 𝛽 ∈ ℝ is constant. The 𝛼⃗ = [𝛼1, 𝛼2, 𝛼3, . . . , 𝛼𝑀]
𝑇 is a vector 

that as a notation of distances from the ideal margin. The additional row and column 

with the 1⃗⃗ arise because of a nonzero offset 𝛽. Obviously, QSVM need to learn the 

model parameters by solving the   

(
𝛽

𝛼⃗𝑇
) = 𝐹−1 (

0
𝑦⃗𝑇
) 

One can predict the class of new data point 𝒙⃗⃗⃗ after giving 𝛼⃗ and 𝛽 by 

𝑦(𝒙⃗⃗⃗) = 𝑠𝑖𝑔𝑛 [∑𝛼𝑖𝑘(𝒙𝒊⃗⃗⃗⃗ , 𝒙𝒋⃗⃗⃗⃗ )

𝑀

𝑖=1

+ 𝑏] = 𝑠𝑖𝑔𝑛 [∑𝛼𝑖⟨𝜑(𝒙𝒊⃗⃗⃗⃗ )|𝜑(𝒙𝒋⃗⃗⃗⃗ )⟩

𝑀

𝑖=1

+ 𝑏] 

where 𝜑(∙) is the quantum state mapping, in QSVM, we use Harrow Hassidim Lloyd 

algorithm (HHL) [107] to solve the inverse value of the matrix above, on the other 

word, to solve the hyperplane. In this work, we implemented QSVM with Qiskit and 

run the experiment on the real IBMQ quantum computer. 

Gate(s) Operator Matrix 

 
U1 gate (phase gate) 𝑈1(𝜆) = (

1 0
0 𝑒𝑖𝜆

) 

 
U2 gate 𝑈2(𝜙, 𝜆) =

1

√2
( 1 −𝑒𝑖𝜆

𝑒𝑖𝜙 𝑒𝑖(𝜙+𝜆)
) 

 
controlled-x gate (CX) 𝐶𝑋 = (

1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

) 

 
Measurement Measurement in the z basis. 

𝑇𝑎𝑏𝑙𝑒 3. 9: Operations glossary of the Qiskit. 
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𝐹𝑖𝑔𝑢𝑟𝑒 3. 18: The 4-qubit QSVM quantum circuit used in this thesis. 
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Chapter 4 Experiment Results 

4.1 Deep Learning Results 

4.1.1 Deep Machine Learning Results 

The TMS treatment response prediction results by deep learning algorithms will be 

shown in this section. To proof ACTSNet’s performance, I did the performance 

comparison with various famous deep learning models for time series classification 

like classical convolution neural network (CNN), fully convolution network (FCN), 

multi-channel deep convolutional neural network (MCDCNN), residual network 

(ResNet), Time Le-Net (TLENT), time warping invariant echo state network 

(TWIESN), long short-term memory- fully convolution network (LSTM-FCN),  

Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N) 30 (OPD dataset) 

EEG Features Neural Network extracted nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  CNN  RNN  RNN-CNN  ACNN 

  CNN FCN MCDC

NN 

ResNet TLENT Inception 

Time 

Encoder  TWIESN  LSTM-

FCN 

ALST

M-FCN 

MALST

M-FCN 

TapNet  ACTS 

Net 

Accuracy  60.0% 46.9% 60.0% 43.8% 53.1% 56.2% 64.5%  60.0%  45.3% 54.7% 45.3% 76.3%  83.5% 

Sensitivity  83.3% 0.0% 100% 36.5% 100% 80.2% 57.1%  100%  0.0% 100% 0.0% 100%  100% 

Specificity  25.0% 100% 0.0% 54.8% 0.0% 20.2% 75.6%  0.6%  100% 0.0% 100% 47.6%  63.5% 

𝑇𝑎𝑏𝑙𝑒 4. 1: The deep learning classification result of rTMS response, the accuracy, 

sensitivity, and specificity are validation results. 
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long short term memory-fully convolution network (LSTM-FCN), attention long 

short term memory-fully convolution network (ALSTM-FCN) [80], multivariate  

 attention long short term memory-fully convolution network (MALSTM-FCN) [80], 

and multivariate time series classification with attentional prototypical network 

(TapNet) [77] both applied on the rTMS and iTBS data only in OPD dataset due to 

our graphics processing unit (GPU) random access memory (RAM) and our server 

memory issues, the input tensor size is (𝑁𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 × 𝑁𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑑𝑒𝑠 × 15000), where 

𝑁𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 is the number of the patients in the dataset and 𝑁𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑑𝑒𝑠 is the number 

of the selected electrodes, in this work, 𝑁𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑑𝑒𝑠 = 7 included Fp1, Fp2, F3, F4, 

F7, F8, and Fz frontal electrodes. The 15000 data points per patient is from the 

maximum storage space of the server I worked with, the 15000 data points are 

Biomarker Frontal EEG signal 

Treatment iTBS 

Patients (N) 37 (OPD dataset) 

EEG Features Neural Network extracted nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  CNN  RNN  RNN-CNN  ACNN 

  CNN FCN MCDC

NN 

ResNet TLENT Inception 

Time 

Encoder  TWIESN  LSTM-

FCN 

ALST

M-FCN 

MALST

M-FCN 

TapNet  ACTS 

Net 

Accuracy  66.0% 45.9% 54.4% 55.9% 54.3% 64.4% 57.5%  54.4%  45.6% 54.4% 45.6% 68.4%  93.6% 

Sensitivity  100% 100% 0.0% 100% 0.0% 39.1% 48.3%  0.0%  100% 0.0% 100% 97.4%  97.4% 

Specificity  37.1% 0.0% 100% 18.6% 100% 86.1% 65.4%  98.9%  0.0% 100% 0.0% 44.1%  90.3% 

𝑇𝑎𝑏𝑙𝑒 4. 2: The deep learning classification result of iTBS response, the accuracy, 

sensitivity, and specificity are validation results. 
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selected continuously in the EEG data after the preprocessing. The results are shown 

in the Table 4.1 and Table 4.2.  

We can get the findings that TMS MDD EEG data both on the rTMS and the iTBS do 

not preforms well on the RNN based models, and ACTSNet really preforms better 

than all of the deep learning models on these datasets. The models are trained by 

default hyperparameters, the CNNs are modified from [110], the RNNs are modified 

from [111], the TapNet model downloaded from [112]. The ACTSNet model writed 

with pytorch and the learning rate is 10−5, the L2 loss on weight decay starts from 

10−3, the stop threshold for the training error is 10−9, the filters used for 

convolutional network is (256,156,128), the kernels used for convolutional network 

is (8,5,3), the parameters for random projection is -1, the sub-dimension for each 

random projection is 3, the metric parameter for prototype distance between classes is 

10−2, the dropout rate is 0, the dimension of Encoder embedding is 512. In addition, 

because of the reduction of the model parameters, ACTSNet spent less time on 

training than TapNet did. The results show in Table 4.3. All results in this chapter in 

the tables are validation results. 
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Treatment  rTMS  iTBS 

Patients  30 (OPD dataset)  37 (OPD dataset) 

Model  TapNet ACTSNet  TapNet ACTSNet 

Training Time  39.94s 26.52s  95.69s 21.75s 

Accuracy  76.3% 83.5%  68.4% 93.6% 

𝑇𝑎𝑏𝑙𝑒 4. 3: Training time comparison of TapNet and ACTSNet on MDD EEG data. 

 

To proof that the disadvantage part of TapNet on MDD EEG data is its LSTM part, I 

designed the model architecture ablation experiments as below: Separate TapNet into 

“LSTM alone” and “CNN alone” two parts and trained them on MDD EEG data 

respectively. The result in Table 4.4 show that the TapNet really did not well on the 

LSTM part. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 1: The sub-architecture of TapNet. 

 

 

 

 



doi:10.6342/NTU202101201

97 

 

Treatment  rTMS  iTBS 

Patients  30 (OPD dataset)  37 (OPD dataset) 

Model  TapNet-

LSTM alone 

TapNet- 

CNN alone 

 TapNet-

LSTM alone 

TapNet- 

CNN alone 

Accuracy  54.6% 74.1%  45.6% 67.3% 

Sensitivity  100.0% 100.0%  100.0% 97.4% 

Specificity  0.0% 42.9%  0.0% 41.9% 

𝑇𝑎𝑏𝑙𝑒 4. 4: The model architecture ablation experiment result. 
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4.2 Multivariate Time Series Classification 

(MTSC) Results 

4.2.1 MTSC Results 

In this section, we compared several MTSC machine learning algorithms with BOSS 

Ensemble. And we can see that BOSS Ensemble has the best performance both on the 

rTMS and iTBS OPD datasets from Table 4.5 and Table 4.6. All results in the tables 

are validation results. 

 

 

 

 

Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N) 30 (OPD dataset) 

Features Model extracted linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Distance-based  Shapelet-based  Interval-based  Dictionary-based 

  DTW Catch22  Shapelet 

Transform 

Mr-SEQL  RISE  SFA WEASEL 

+MUSE 

BOSS 

Ensemble 

Accuracy  47.5% 62.6%  72.7% 76.9%  81.3%  72.7% 80.6% 95.7% 

Sensitivity  75.0% 60.0%  68.3% 72.0%  75.0%  71.1% 76.3% 93.8% 

Specificity  46.7% 78.4%  85.7% 89.7%  97.4%  75.5% 89.1% 98.3% 

𝑇𝑎𝑏𝑙𝑒 4. 5: The experiment results of MTSC models on the rTMS OPD dataset. 



doi:10.6342/NTU202101201

99 

 

 

4.2.2 BOSS Ensemble vs. ACTSNet 

Because of the success of the BOOSS Ensemble on the MDD EEG datasets, we 

compared BOSS Ensemble with ACTSNet, the results which are shown as Table 4.7.  

Treatment  rTMS  iTBS 

Patients  30 (OPD dataset)  37 (OPD dataset) 

Model  BOSS 

Ensemble 

ACTSNet  BOSS 

Ensemble 

ACTSNet 

Training Time  242.42hr 26.52s  237.61hr 21.75s 

Accuracy  95.7% 83.5%  97.7% 93.6% 

𝑇𝑎𝑏𝑙𝑒 4. 7: The training time comparison of BOSS Ensemble and ACTSNet. 

 

From the Table 4.7 above, we can observe that although the validation accuracy of the 

ACTSNet is not better than BOSS Ensemble, the training time of ACTSNet is almost 

32,907 times faster than BOSS Ensemble on the rTMS OPD dataset and 39,328 times 

faster on the iTBS OPD dataset. 

Biomarker Frontal EEG signal 

Treatment iTBS 

Patients (N) 37 (OPD dataset) 

Features Model extracted linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Distance-based  Shapelet-based  Interval-based  Dictionary-based 

  DTW Catch22  Shapelet 

Transform 

Mr-SEQL  RISE  SFA WEASEL 

+MUSE 

BOSS 

Ensemble 

Accuracy  61.4% 58.5%  53.8% 59.6%  84.2%  66.7% 84.2% 97.7% 

Sensitivity  92.3% 56.1%  0.0% 71.4%  82.3%  64.8% 84.9% 96.3% 

Specificity  58.9% 59.6%  54.1% 58.0%  85.9%  68.0% 83.7% 98.9% 

𝑇𝑎𝑏𝑙𝑒 4. 6: The experiment results of MTSC models on the iTBS OPD dataset. 
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4.3 The Statistically Significant features for 

Machine Learning on OPD Dataset 

In this section we will show the statistically significant features selected after one-

way AVOVA of OPD dataset both on rTMS and iTBS patients’ EEG data, and these 

features were used to train the machine learning and the quantum machine learning 

models.  

 

4.3.1 OPD Dataset  

rTMS OPD Dataset 

Sub-band Electrode-Feature P-Value 

Alpha F3-KFD 0.0270* 

Beta F7-HFD 0.0135* 

Beta FP2-ApEn 0.0325* 

Beta F7-ApEn 0.0296* 

Beta Fz-ApEn 0.0355* 

Beta F3-LLE 0.0098** 

Beta Fz-LLE 0.0112* 

Beta F4-LLE 0.0325* 

Beta F7-DFA 0.0246* 

Delta Fz-Welch 0.0166* 

Delta F4-Welch 0.0150* 

Delta FP1-ApEn 0.0355* 

Delta F4-DFA 0.0166* 

Theta FP2-Welch 0.0203* 
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Theta F3-Welch 0.0166* 

Theta Fz-Welch 0.0462* 

Theta F3-ApEn 0.0424* 

Theta Fz-LLE 0.0166* 

Theta FP2-DFA 0.0424* 

Theta F7-DFA 0.0296* 

Theta F3-DFA 0.0424* 

Theta Fz-DFA 0.0184* 

Gamma FP2-KFD 0.0424* 

Gamma F7-KFD 0.0246* 

Gamma FP1-ApEn 0.0122* 

Gamma F7-DFA 0.0135* 

Gamma F3-DFA 0.0462* 

𝑇𝑎𝑏𝑙𝑒 4. 8: The statistically significant features of the rTMS OPD data. 

 

Table 4.8 shows the statistically significant features of the rTMS OPD data after the 

Mann-Whitney U test, a kind of one-way ANOVA test (all the * means p<0.05 and 

** means p<0.01 in the tables). From the Figure 4.2, we can see that on this MDD 

rTMS dataset, F3, F7, and Fz channels have more significant features than other 

channels, and the DFA nonlinear feature has more significant features than other 

features. From the Figure 4.3, Figure 4.4 and Table 4.9, the results have shown that on 

this rTMS OPD dataset, the theta and gamma band may can be the digital biomarker 

to predict the response of the rTMS. 
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Channel-Feature Sub-band 

FP1-ApEn Delta, Gamma 

F3-DFA Theta, Gamma 

F7-DFA Beta, Theta, Gamma 

Fz-LLE Beta, Theta 

Fz-Welch Delta, Theta 

𝑇𝑎𝑏𝑙𝑒 4. 9: The recurring statistically significant features in the rTMS OPD data. 

 

 

 
𝐹𝑖𝑔𝑢𝑟𝑒 4. 2: The significant features-channels heatmap of the rTMS OPD dataset.  

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 3: The sub-bands-channels heatmap of the rTMS OPD dataset. 
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𝐹𝑖𝑔𝑢𝑟𝑒 4. 4: The sub-bands-significant features heatmap of the rTMS OPD dataset. 

 

iTBS OPD Dataset 

Sub-band Electrode-Feature P-Value 

Alpha F3-Welch 0.0247* 

Alpha Fz-Welch 0.0454* 

Beta Fz-DFA 0.0015** 

Beta F4-DFA 0.0042** 

Beta F8-DFA 0.0454* 

Delta F3-KFD 0.0454* 

Delta F7-HFD 0.0213* 

Delta F3-HFD 0.0084** 

Delta FP1-ApEn 0.0349* 

Delta F7-LLE 0.0425* 

Delta F3-LLE 0.0373* 

Delta Fz-DFA 0.0425* 

Theta F7-KFD 0.0454* 

Theta F4-KFD 0.0230* 

Theta F7-ApEn 0.0091** 

Gamma FP1-DFA 0.0326* 

Gamma F3-DFA 0.0198* 

Gamma Fz-DFA 0.0326* 

Gamma F4-DFA 0.0425* 

𝑇𝑎𝑏𝑙𝑒 4. 10: The statistically significant features of the iTBS OPD data. 
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Table 4.10 shows the statistically significant features of the iTBS OPD data after the 

Mann-Whitney U test. From the Figure 4.5, we can see that on this MDD iTBS 

dataset, F3, F7, and Fz channels have more significant features than other channels, 

and the DFA nonlinear feature has more significant features than other features, 

especially in Fz-DFA. From the Figure 4.6, Figure 4.7 and Table 4.11, the results 

have shown that on this rTMS OPD dataset, the delta and gamma band may can be 

the digital biomarker to predict the response of the iTBS, especially in beta-DFA and 

gamma-DFA. 

 

Channel-Feature Sub-band 

F4-DFA Beta, Gamma 

Fz-DFA Beta, Delta, Gamma 

𝑇𝑎𝑏𝑙𝑒 4. 11: The recurring statistically significant features in the iTBS OPD data. 

 

 
𝐹𝑖𝑔𝑢𝑟𝑒 4. 5: The significant features-channels heatmap of the iTBS OPD dataset. 

 



doi:10.6342/NTU202101201

105 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 6: The sub-bands-channels heatmap of the iTBS OPD dataset. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 7: The sub-bands-significant features heatmap of the iTBS OPD dataset. 

 

4.3.2 Mixed Dataset 

rTMS Mixed Dataset 

Sub-band Electrode-Feature P-Value 

Alpha FP1-Welch 0.0091** 

Alpha FP2-Welch 0.0281* 

Alpha F7-Welch 0.0120* 

Alpha F3-Welch 0.0237* 

Alpha F4-KFD 0.0066** 

Alpha F4-LLE 0.0301* 
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Alpha F4-DFA 0.0365* 

Beta F7-Welch 0.0343* 

Beta F3-Welch 0.0263* 

Beta FP1-ApEn 0.0498* 

Beta F7-ApEn 0.0091** 

Beta F7-LLE 0.0263* 

Beta F3-LLE 0.0311* 

Beta F4-LLE 0.0072** 

Beta F8-LLE 0.0237* 

Beta F3-DFA 0.0377* 

Beta Fz-DFA 0.0144* 

Delta Fz-KFD 0.0229* 

Delta F4-KFD 0.0042** 

Delta FP1-HFD 0.0343* 

Delta FP2-HFD 0.0272* 

Delta FP1-ApEn 0.0414* 

Delta FP1-LLE 0.0173* 

Delta F3-LLE 0.0134* 

Theta FP2-KFD 0.0254* 

Theta FP1-HFD 0.0498* 

Theta F3-HFD 0.0081** 

Theta Fz-HFD 0.0069** 

Theta F4-HFD 0.0498* 

Theta F7-LLE 0.0144* 

Theta F3-LLE 0.0047** 

Theta Fz-LLE 0.0072** 

Theta F4-LLE 0.0134* 

Theta FP1-DFA 0.0150* 

Theta FP2-DFA 0.0179* 

Theta F3-DFA 0.0173* 

Theta Fz-DFA 0.0012** 

Theta F4-DFA 0.0173* 

Theta F8-DFA 0.0354* 
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Gamma FP1-Welch 0.0254* 

Gamma F7-Welch 0.0084** 

Gamma F3-Welch 0.0263* 

Gamma FP2-HFD 0.0229* 

Gamma F7-HFD 0.0483* 

Gamma F4-HFD 0.0107* 

𝑇𝑎𝑏𝑙𝑒 4. 12: The statistically significant features of the rTMS mixed data. 

 

Table 4.12 shows the statistically significant features of the rTMS mixed data after 

the Mann-Whitney U test. From the Figure 4.8, we can see that on this rTMS mixed 

dataset, FP1, F3, F4 and F7 channels have more significant features than other 

channels, and the LLE, DFA, HFD nonlinear features and Welch linear feature have 

more significant features than other features, especially in LLE. From the Figure 4.9, 

Figure 4.10 and Table 4.13, the results have shown that on this rTMS mixed dataset, 

the beta and theta band may can be the digital biomarker to predict the response of the 

iTBS, especially in theta-DFA. 
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Channel-Feature Sub-band 

FP1-Welch Alpha, Gamma 

FP1-HFD Delta, Theta 

FP2-HFD Delta-Gamma 

F3-Welch Alpha, Beta, Gamma 

F3-LLE Beta, Delta, Theta 

F3-DFA Beta, Theta 

F4-LLE Alpha, Beta, Theta 

F4-DFA Alpha, Theta 

F4-KFD Alpha, Delta 

F4-HFD Theta, Gamma 

F7-Welch Alpha, Beta, Gamma 

F7-LLE Beta, Theta 

Fz-DFA Beta, Theta 

𝑇𝑎𝑏𝑙𝑒 4. 13: The recurring statistically significant features in the rTMS mixed data. 
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𝐹𝑖𝑔𝑢𝑟𝑒 4. 8: The significant features-channels heatmap of the rTMS mixed dataset. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 9: The sub-bands-channels heatmap of the rTMS mixed dataset. 

 

 
𝐹𝑖𝑔𝑢𝑟𝑒 4. 10: The sub-bands-significant features heatmap of the rTMS mixed 

dataset. 
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iTBS Mixed Dataset 

Sub-band Electrode-Feature P-Value 

Alpha F3-KFD 0.0313* 

Alpha FP2-HFD 0.0380* 

Alpha F4-HFD 0.0423* 

Alpha F8-HFD 0.0093** 

Beta FP2-Welch 0.0134* 

Beta Fz-Welch 0.0130* 

Beta F4-Welch 0.0058** 

Beta F8-Welch 0.0496* 

Delta F7-Welch 0.0458* 

Delta F3-HFD 0.0202* 

Delta F7-ApEn 0.0401* 

Delta F3-ApEn 0.0093** 

Delta F3-DFA 0.0279* 

Theta Fz-KFD 0.0360* 

Gamma FP1-Welch 0.0412* 

Gamma FP2-Welch 0.0221* 

Gamma F3-Welch 0.0263* 

Gamma Fz-Welch 0.0256* 

Gamma F4-Welch 0.0360* 

Gamma F8-Welch 0.0110* 

𝑇𝑎𝑏𝑙𝑒 4. 14: The statistically significant features of the iTBS mixed data. 

 

Channel-Feature Sub-band 

FP2-Welch Beta, Gamma 

F4-Welch Beta, Gamma 

F8-Welch Beta, Gamma 

Fz- Welch Beta, Gamma 

𝑇𝑎𝑏𝑙𝑒 4. 15: The recurring statistically significant features in the iTBS mixed data. 
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Table 4.14 shows the statistically significant features of the iTBS mixed data after the 

Mann-Whitney U test. From the Figure 4.11, we can see that on this iTBS mixed 

dataset, F3 channel has more significant features than other channels, and the HFD 

nonlinear feature and Welch linear feature have more significant features than other 

features, especially in F3-delta. From the Figure 4.12, Figure 4.13 and Table 4.15, the 

results have shown that on this iTBS mixed dataset, the delta and gamma band may 

can be the digital biomarker to predict the response of the iTBS, especially in beta-

Welch and gamma-Welch. 

 

To sum up, this section described the statistics findings in this thesis both on the 

rTMS and the iTBS MDD EEG datasets. On the rTMS datasets, the common 

significant features are on the F3, F4 and F7 channels; DFA and Welch features; beta 

and theta bands. On the iTBS datasets, the common significant features are on the F3, 

channel; HFD and Welch features; delta and gamma bands. 
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𝐹𝑖𝑔𝑢𝑟𝑒 4. 11: The significant features-channels heatmap of the iTBS mixed dataset. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 12: The sub-bands-channels heatmap of the iTBS mixed dataset. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 13: The sub-bands-significant features heatmap of the iTBS mixed dataset. 
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4.3.3 Dataset Comparison 

In this section we compared the OPD dataset and the previous dataset on the 

statistically significant features numbers of all sub-bands. 

 

 

 

 

 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 15: Number of features under different band with p<0.05 of previous 

dataset [31]. 

 

We can observe that on the OPD dataset, these number of the features with p<0.05 on 

different sub-bands are very different. On the both datasets, the number of the features 
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𝐹𝑖𝑔𝑢𝑟𝑒 4. 14: Number of features under different band with p<0.05 of OPD 

dataset. 
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with p<0.05 in the theta band of rTMS datasets are both more than it on iTBS 

datasets, it proved that RECT test can really work to enhance the power of the theta 

band. On the OPD dataset, the statistically significant features of the delta band, and 

alpha band of iTBS is more than rTMS, and on the previous dataset, this phenomenon 

only observe on the beta band. The reason may be the research data (previous dataset) 

characteristics is relatedly ideal and the OPD dataset is the data from the real-world 

dataset has more heterogeneity.  
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4.4 Classical Machine Learning Results 

4.4.1 Classical Machine Learning Results 

4.4.1.1 Compare with Linear Method and SVM on the 

Clinical Trial Dataset  

Since SVM is the most widely used nonlinear kernel method classification model with 

good predictive effects in many fields on time series prediction and classification [179], 

we use EEG data to calculate and extract 5 non-linear features include LLE, DFA, KFD, 

HFD, ApEn, and a linear feature Welch. In this thesis, all the SVM models are trained 

with nonlinear radial basis function (rbf) kernel. The linear and nonlinear features are 

jointly trained the machine learning models, and the classification effect is compared 

with the linear multivariate analysis and prediction classification method, Logistic 

Regression, which is common in traditional statistics.  

The new-trained results for the rTMS, iTBS, and sham control groups of clinical trial 

data are as follows: 
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Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N)  32 (RCTD dataset) 

Features  Only Theta  Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Linear method  Nonlinear Method (new trained on previous data for the information in [31] 

is lacking) 

  Logistic Regression 

(Optimal Threshold) 
 Previous work SVM [31] SVMnew 

Accuracy  33.3%  91.1% 91.7% 

Sensitivity  16.7%  83.3% 100.0% 

Specificity  66.7%  95.0% 75.0% 

𝑇𝑎𝑏𝑙𝑒 4. 16: The comparison results of linear versus nonlinear methods on rTMS clinical trial dataset.    

Biomarker Frontal EEG signal 

Treatment iTBS 

Patients (N)  30 (RCTD dataset) 

Features  Only Theta  Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Linear method  Nonlinear Method 

  Logistic Regression 

(Optimal Threshold) 

 SVM 

Accuracy  44.4%  58.3% 

Sensitivity  80.0%  57.1% 

Specificity  0.0%  60.0% 

𝑇𝑎𝑏𝑙𝑒 4. 17: The comparison results of linear versus nonlinear methods on iTBS clinical trial dataset.   
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The above experimental results (Table 4.16-Table 4.18) prove that the results of 

nonlinear machine learning analysis and prediction are better than traditional linear 

methods, and the results of SVM machine learning algorithm are better than those of 

linear analysis and prediction. The machine learning model can not only predict 

rTMS, but also predict the response effect of iTBS. 

However, we found that in such SVM model, there is an overfitting phenomenon in 

the new clinical data, that is, it has a high accuracy rate in the original data set, but it 

performs poorly in the new clinical OPD EEG dataset (Table 4.19). 

 

 

 

 

Biomarker Frontal EEG signal 

Treatment Sham control 

Patients (N)  28 (RCTD dataset) 

Features  Only Theta  Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Linear method  Nonlinear Method 

  Logistic Regression 

(Optimal Threshold) 

 SVM 

Accuracy  90.9%  100.0% 

Sensitivity  90.9%  100.0% 

Specificity  nan  nan 

𝑇𝑎𝑏𝑙𝑒 4. 18: The comparison results of linear versus nonlinear methods on sham clinical trial dataset. 
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4.4.1.2 SVM and the Overfitting Problem 

In order to increase the robustness and generalization of the model, we added clinical 

OPD data to form a larger sample data set for SVM model training. Because clinical 

OPD data is clinical data, there is no control in the group, the heterogeneity among 

patients is higher than that of the original clinical trial data, which is closer to the 

actual clinical situation. Therefore, we train the machine learning model by adding 

clinical OPD data and clinical trial data to enrich the data sample space expectation to 

avoid overfitting to a certain extent and obtain a more accurate SVM model. The 

computational experiment results are in the Table 4.20. (The iTBS clinical trial data 

results are new-trained on the same dataset, for the previous work [31] do not record 

the TPR and TNR of this SVM model.) 

 

 

Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N)  32 (RCTD dataset)  30 (OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Previous work  Previous work saved model 

  
SVM SVMnew  SVM test on OPD 

SVMnew test on 

OPD 

Accuracy  91.1% 91.7%  50.0% 48.4% 

Sensitivity  83.3% 100.0%  36.3% 73.7% 

Specificity  95.0% 75.0%  57.9% 8.3% 

𝑇𝑎𝑏𝑙𝑒 4. 19: The overfitting results of the SVM trained on clinical trial dataset.  
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Biomarker Frontal EEG signal Frontal EEG signal 

Treatment rTMS iTBS rTMS iTBS 

Patient (N) 32（RCTD 

dataset） 

30（RCTD 

dataset） 

62（RCTD dataset 

+ OPD dataset） 

67（RCTD dataset 

+ OPD dataset） 

Feature Linear and Nonlinear Linear and Nonlinear 

EEG Band Delta, Theta, Alpha, Beta, Gamma Delta, Theta, Alpha, Beta, Gamma 

Classification SVM SVM SVM SVM 

Accuracy 91.7% 58.3% 57.9% 40.0% 

Sensitivity 100.0% 57.1% 75.0% 30.0% 

 Specificity 75.0% 60.0% 28.6% 50.0% 

𝑇𝑎𝑏𝑙𝑒 4. 20: The experiment results of SVM on the mixed dataset. 

 

The above results can prove that the SVM model does overfitting on highly complex 

data such as depression EEG, so we need to find better machine learning algorithms 

that can learn well from the datasets. According to [45] and [46], in the comparison of 

different model training in major public data sets, they found that the machine 

learning algorithms based on bagging and boosting algorithms have better 

generalization ability and can reduce overfitting compared to SVM, so we choose 

these types of algorithms to predict the efficacy of rTMS and iTBS. 

4.4.1.3 Compare with Previous Work on the Clinical Trial 

Dataset 

To proof that bagging and boosting machine learning algorithms are better than 

support vector machine (SVM), we executed the computational experiments on the 

previous datasets. The results are shown in Table 4.21 and Table 4.22. We can 
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observe that on the rTMS previous dataset (clinical trial dataset), only the random 

forest can perform better than SVM, but in the case of the iTBS previous dataset, 

random forest, XGBoost and CatBoost are more accurate than SVM on the same data 

and extracted feature set. The result of the rTMS previous dataset can be interpreted 

as the feature set is maybe underfitting on the boosting algorithms. 

 

 

Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N) 32 (RCTD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification    This work 

  SVM  Random Forest XGBoost CatBoost 

Accuracy  91.7%  91.6% 88.9% 75.0% 

Sensitivity  100.0%  100.0% 100.0% 80.0% 

 Specificity  75.0%  85.7% 83.3% 71.4% 

𝑇𝑎𝑏𝑙𝑒 4. 21: The classical machine learning results of the rTMS previous dataset. 

Biomarker Frontal EEG signal 

Treatment iTBS 

Patients (N) 30 (RCTD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification    This work 

  SVM  Random Forest XGBoost CatBoost 

Accuracy  58.3%  90.9% 89.0% 77.8% 

Sensitivity  57.1%  83.3% 100.0% 83.3% 

 Specificity  60.0%  100.0% 80.0% 66.7% 

𝑇𝑎𝑏𝑙𝑒 4. 22: The classical machine learning results of the iTBS previous dataset. 
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4.4.1.4 Compare with Previous Work on the OPD Dataset 

In this thesis, different from previous work collected the study data (previous dataset, 

or clinical trial dataset), we collected real-world clinical data from outpatient clinic 

(clinical OPD dataset). To compare with the SVM method in the previous work, we 

also ran the SVM with radial basis function kernel which the same as the previous 

work on the OPD dataset. 

 

Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N)  32 (RCTD dataset)  30 (OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Previous data  This work 

  SVM  SVM Random Forest XGBoost CatBoost 

Accuracy  91.7%  53.8% 84.6% 76.9% 53.8% 

Sensitivity  100.0%  62.5% 80.0% 72.7% 58.3% 

Specificity  75.0%  40.0% 100.0% 100.0% 0.0% 

𝑇𝑎𝑏𝑙𝑒 4. 23: The classical machine learning results of the rTMS OPD dataset. 

Biomarker Frontal EEG signal 

Treatment iTBS 

Patients (N)  30 (RCTD dataset)  37 (OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Previous data  This work 

  SVM  SVM Random Forest XGBoost CatBoost 

Accuracy  58.3%  54.5% 92.0% 72.7% 63.6% 

Sensitivity  57.1%  60.0% 88.2% 66.7% 57.1% 

Specificity  60.0%  50.0% 94.2% 80.0% 75.0% 

𝑇𝑎𝑏𝑙𝑒 4. 24: The classical machine learning results of the iTBS OPD dataset. 
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From the Table 4.23 and Table 4.24, we can see the results that the bagging (Random 

Forest) and boosting (XGBoost and CatBoost) methods are all better than the SVM 

method on the OPD dataset.  

4.4.1.5 Compare with Previous Work on the Mixed Dataset 

 

 

 

Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N)  32 (RCTD dataset)  62 (RCTD dataset + OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Previous data  This work 

  SVM  SVM Random Forest XGBoost CatBoost 

Accuracy  91.7%  57.9% 78.9% 73.7% 73.7% 

Sensitivity  100.0%  75.0% 83.3% 73.3% 83.3% 

Specificity  75.0%  28.9% 71.4% 75.0% 57.1% 

𝑇𝑎𝑏𝑙𝑒 4. 25: The classical machine learning results of the rTMS mixed dataset. 

Biomarker Frontal EEG signal 

Treatment iTBS 

Patients (N)  30 (RCTD dataset)  67 (RCTD dataset + OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Previous work  This work 

  SVM  SVM Random Forest XGBoost CatBoost 

Accuracy  58.3%  40.0% 80.0% 75.0% 60.0% 

Sensitivity  57.1%  30.0% 75.0% 72.7% 66.7% 

Specificity  60.0%  50.0% 87.5% 77.8% 57.1% 

𝑇𝑎𝑏𝑙𝑒 4. 26: The classical machine learning results of the iTBS mixed dataset. 
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To have more data for machine learning model training, we mixed the previous 

dataset and OPD dataset and extracted the features. The models’ training results are 

shown in Table 4.25 and Table 4.26. We can find that both on the rTMS and iTBS 

mixed dataset, the bagging and the boosting machine learning methods all performed 

well than SVM under the same feature set. The reason why they cause these 

phenomena maybe the previous dataset is too ideal to let the model to learn the real 

MDD features from the real-world EEG data. 

 

 

 

4.4.2 Booster Transformation Results 

In this section, we will prove by the computational experiments that the booster 

transformation I invented can really shift the distribution of the models’ sensitivity 

(Sens) and specificity (Spec), and then change the models’ accuracy (Acc) 

distribution on the same dataset. This mathematical skill can fine tune the model. 
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4.4.2.1 Compare Booster with Non-Booster Methods on 

Random Forest with rTMS Mixed Dataset 

For random forest model, compare with non–booster models, booster models which 

after 16300 trainings (the distribution were shown in Figure 4.16 and the detail is 

shown in Table 4.27) with the same dataset (rTMS mixed dataset) have some 

properties:  

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 16: The model performance distribution of random forest-booster and 

original random forest. 

The subfigure a, b, c is the accuracy, sensitivity, and specificity of the random forest-

booster models on the rTMS mixed dataset, respectively. The subfigure d, e, f is the 

accuracy, sensitivity, and specificity of the original random forest models on the 

rTMS mixed dataset, respectively. 
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Performance of Random Forest Booster (N) Non-Booster (N) 

0.9 > 𝐴𝑐𝑐 ≥ 0.8 65 685 

𝐴𝑐𝑐 ≥ 0.9 1 12 

0.9 > 𝑆𝑒𝑛𝑠 ≥ 0.8 398 4347 

𝑆𝑒𝑛𝑠 ≥ 0.9 263 6884 

0.9 > 𝑆𝑝𝑒𝑐 ≥ 0.8 2658 322 

𝑆𝑝𝑒𝑐 ≥  0.9 1378 40 

𝑇𝑎𝑏𝑙𝑒 4. 27: The comparison detail of the random forest booster model performance 

distribution on rTMS dataset. 

 

Random forest-booster can effectively reduce the average sensitivity, effectively 

increase the average specificity, and high accuracy models are 10 times less than non-

booster models on the rTMS mixed dataset. 

 

4.4.2.2 Compare Booster with Non-Booster methods on 

XGBoost with rTMS Mixed Dataset 

For XGBoost model, compare with non–booster models, booster models which after 

16700 trainings (the distribution were shown in Figure 4.17 and the detail is shown in 

Table 4.28) with the same dataset (rTMS mixed dataset) have some properties:  
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𝐹𝑖𝑔𝑢𝑟𝑒 4. 17: The model performance distribution of XGBoost-booster and original 

XGBoost. 

 

The subfigure a, b, c is the accuracy, sensitivity, and specificity of the XGBoost-

booster models on the rTMS mixed dataset, respectively. The subfigure d, e, f is the 

accuracy, sensitivity, and specificity of the original XGBoost models on the rTMS 

mixed dataset, respectively. 

 

 

Performance of XGBoost Booster (N) Non-Booster (N) 

0.9 > 𝐴𝑐𝑐 ≥ 0.8 12 540 

𝐴𝑐𝑐 ≥ 0.9 0 9 

0.9 > 𝑆𝑒𝑛𝑠 ≥ 0.8 347 3884 

𝑆𝑒𝑛𝑠 ≥ 0.9 291 3231 

0.9 > 𝑆𝑝𝑒𝑐 ≥ 0.8 2727 653 

𝑆𝑝𝑒𝑐 ≥  0.9 2278 75 

𝑇𝑎𝑏𝑙𝑒 4. 28: The comparison detail of the XGBoost booster model performance 

distribution on rTMS dataset. 
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XGBoost-booster can effectively reduce the average sensitivity, effectively increase 

the average specificity, and high accuracy models are 45 times less than non-booster 

models on the rTMS mixed dataset. 

 

4.4.2.3 Compare Booster with Non-Booster Methods on 

CatBoost with rTMS Mixed Dataset 

For CatBoost model, compare with non–booster models, booster models which after 

16759 trainings (the distribution were shown in Figure 4.18 and the detail is shown in 

Table 4.29) with the same dataset (rTMS mixed dataset) have some properties:  

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 18: The model performance distribution of CatBoost-booster and original 

CatBoost. 

 

The subfigure a, b, c is the accuracy, sensitivity, and specificity of the CatBoost-

booster models on the rTMS mixed dataset, respectively. The subfigure d, e, f is the 
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accuracy, sensitivity, and specificity of the original CatBoost models on the rTMS 

mixed dataset, respectively. 

 

Performance of CatBoost Booster (N) Non-Booster (N) 

0.9 > 𝐴𝑐𝑐 ≥ 0.8 37 101 

𝐴𝑐𝑐 ≥ 0.9 0 0 

0.9 > 𝑆𝑒𝑛𝑠 ≥ 0.8 1161 3042 

𝑆𝑒𝑛𝑠 ≥ 0.9 1510 2272 

0.9 > 𝑆𝑝𝑒𝑐 ≥ 0.8 1335 599 

𝑆𝑝𝑒𝑐 ≥  0.9 886 100 

𝑇𝑎𝑏𝑙𝑒 4. 29: The comparison detail of the CatBoost booster model performance 

distribution on rTMS dataset. 

 

CatBoost-booster can effectively reduce the average sensitivity, effectively increase 

the average specificity, and high accuracy models are 3 times less than non-booster 

models on the rTMS mixed dataset. From Figure 4.16 to Figure 4.18, we can observe 

that booster transformation can shift the distribution both on bagging and boosting 

machine learning algorithms on the rTMS EEG data.   

 

4.4.2.4 Compare Booster with Non-Booster Methods on 

Random Forest with iTBS Mixed Dataset 

Similarly, for random forest model, compare with non–booster models, booster 

models which after 16708 trainings (the distribution were shown in Figure 4.19 and 
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the detail is shown in Table 4.30) with the same dataset (iTBS mixed dataset) have 

some properties: 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 19: The model performance distribution of random forest-booster and 

original random forest. 

 

The subfigure a, b, c is the accuracy, sensitivity, and specificity of the random forest-

booster models on the iTBS mixed dataset, respectively. The subfigure d, e, f is the 

accuracy, sensitivity, and specificity of the original random forest models on the iTBS 

mixed dataset, respectively. 

 

Performance of Random Forest Booster (N) Non-Booster (N) 

0.9 > 𝐴𝑐𝑐 ≥ 0.8 1 158 

𝐴𝑐𝑐 ≥ 0.9 0 4 

0.9 > 𝑆𝑒𝑛𝑠 ≥ 0.8 0 0 

𝑆𝑒𝑛𝑠 ≥ 0.9 1186 445 

0.9 > 𝑆𝑝𝑒𝑐 ≥ 0.8 0 0 

𝑆𝑝𝑒𝑐 ≥  0.9 16 451 

𝑇𝑎𝑏𝑙𝑒 4. 30: The comparison detail of the random forest booster model performance 

distribution on iTBS dataset. 
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Random forest-booster can effectively reduce the average sensitivity, effectively 

increase the average specificity, and high accuracy models are 158 times less than 

non-booster models on the iTBS mixed dataset. 

 

4.4.2.5 Compare Booster with Non-Booster Methods on 

XGBoost with iTBS Mixed Dataset 

For XGBoost model, compare with non–booster models, booster models which after 

16697 trainings (the distribution were shown in Figure 4.20 and the detail is shown in 

Table 4.31) with the same dataset (iTBS mixed dataset) have some properties: 

 
𝐹𝑖𝑔𝑢𝑟𝑒 4. 20: The model performance distribution of XGBoost-booster and original 

XGBoost. 

 

The subfigure a, b, c is the accuracy, sensitivity, and specificity of the XGBoost-

booster models on the iTBS mixed dataset, respectively. The subfigure d, e, f is the 
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accuracy, sensitivity, and specificity of the original XGBoost models on the iTBS 

mixed dataset, respectively. 

 

Performance of XGBoost Booster (N) Non-Booster (N) 

0.9 > 𝐴𝑐𝑐 ≥ 0.8 6 178 

𝐴𝑐𝑐 ≥ 0.9 0 4 

0.9 > 𝑆𝑒𝑛𝑠 ≥ 0.8 0 0 

𝑆𝑒𝑛𝑠 ≥ 0.9 927 264 

0.9 > 𝑆𝑝𝑒𝑐 ≥ 0.8 0 0 

𝑆𝑝𝑒𝑐 ≥  0.9 25 90 

𝑇𝑎𝑏𝑙𝑒 4. 31: The comparison detail of the XGBoost booster model performance 

distribution on iTBS dataset. 

 

XGBoost-booster can effectively reduce the average sensitivity, effectively increase 

the average specificity, and high accuracy models are 29 times less than non-booster 

models on the iTBS mixed dataset. 

 

4.4.2.6 Compare Booster with Non-Booster Methods on 

CatBoost with iTBS Mixed Dataset 

For CatBoost model, compare with non–booster models, booster models which after 

16759 trainings (the distribution were shown in Figure 4.21 and the detail is shown in 

Table 4.32) with the same dataset (iTBS mixed dataset) have some properties: 
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𝐹𝑖𝑔𝑢𝑟𝑒 4. 21: The model performance distribution of CatBoost-booster and original 

CatBoost. 

 

The subfigure a, b, c is the accuracy, sensitivity, and specificity of the CatBoost-

booster models on the iTBS mixed dataset, respectively. The subfigure d, e, f is the 

accuracy, sensitivity, and specificity of the original CatBoost models on the iTBS 

mixed dataset, respectively. 

 

Performance of CatBoost Booster (N) Non-Booster (N) 

0.9 > 𝐴𝑐𝑐 ≥ 0.8 9 2 

𝐴𝑐𝑐 ≥ 0.9 0 0 

0.9 > 𝑆𝑒𝑛𝑠 ≥ 0.8 0 0 

𝑆𝑒𝑛𝑠 ≥ 0.9 2516 973 

0.9 > 𝑆𝑝𝑒𝑐 ≥ 0.8 0 0 

𝑆𝑝𝑒𝑐 ≥  0.9 166 101 

𝑇𝑎𝑏𝑙𝑒 4. 32: The comparison detail of the CatBoost booster model performance 

distribution on iTBS dataset. 
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CatBoost-booster can effectively enhance the average sensitivity, effectively increase 

the average specificity, and high accuracy models are 4 times more than non-booster 

models on the iTBS mixed dataset.  

From Figure 4.19 to Figure 4.21, we can observe that booster transformation can shift 

the distribution both on bagging and boosting machine learning algorithms on the 

iTBS EEG data.   
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4.4.3 Booster-Classical Machine Learning Results 

After introduced booster transformation, in this section we will show the application 

of booster transformation on the classical machine learning methods on the MDD 

EEG datasets. 

4.4.3.1 Compare with Previous Work on the OPD Dataset 

Table 4.33 and Table 4.34 shows the machine learning methods used booster 

transformation on the OPD dataset and compare the results with the previous work. 

From the Table 4.33 and Table 4.34, we can see that the sensitivity performance of 

the random forest-booster, XGBoost-booster, CatBoost-booster are all better than the 

original models especially on the iTBS OPD dataset.  

 

Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N)  32 (RCTD dataset)  30 (OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Previous data  This work 

  SVM  SVM-Booster Random Forest-

Booster 

XGBoost-

Booster 

CatBoost-

Booster 

Accuracy  91.7%  76.9% 90.0% 76.9% 61.5% 

Sensitivity  100.0%  66.7% 85.7% 77.8% 100.0% 

Specificity  75.0%  85.7% 100.0% 75.0% 0.0% 

𝑇𝑎𝑏𝑙𝑒 4. 33: The experiment results of boostered machine learning methods on the 

OPD rTMS dataset. 
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4.4.3.2 Compare with Previous Work on the Mixed Dataset 

 

 

Biomarker Frontal EEG signal 

Treatment iTBS 

Patients (N)  32 (RCTD dataset)  37 (OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Previous work  This work 

  SVM  SVM-Booster Random Forest-

Booster 

XGBoost-

Booster 

CatBoost-

Booster 

Accuracy  58.3%  72.7% 93.3% 90.9% 90.9% 

Sensitivity  57.1%  83.3% 100.0% 83.8% 80.0% 

Specificity  60.0%  60.0% 88.9% 100.0% 100.0% 

𝑇𝑎𝑏𝑙𝑒 4. 34: The experiment results of boostered machine learning methods on the 

OPD iTBS dataset. 

Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N)  32 (RCTD dataset)  62 (RCTD dataset + OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Previous data  This work 

  SVM  SVM-Booster Random Forest-

Booster 

XGBoost-

Booster 

CatBoost-

Booster 

Accuracy  91.7%  63.2% 89.5% 89.5% 94.7% 

Sensitivity  100.0%  57.1% 85.7% 91.7% 92.3% 

Specificity  75.0%  66.7% 100.0% 85.7% 100.0% 

𝑇𝑎𝑏𝑙𝑒 4. 35: The experiment results of boostered machine learning methods on the 

mixed OPD rTMS dataset. 
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Table 4.35 and Table 4.36 shows the machine learning methods used booster 

transformation on the mixed MDD EEG dataset and compare the results with the 

previous work. From the Table 4.35 and Table 4.36, we can see that the sensitivity 

performance of the random forest-booster, XGBoost-booster, CatBoost-booster are all 

better than the original models and also especially on the iTBS OPD dataset. The 

boostered models’ performance are more balance and better than the original models 

on the iTBS dataset. 

 

 

 

Biomarker Frontal EEG signal 

Treatment iTBS 

Patients (N)  30 (RCTD dataset)  67 (RCTD dataset + OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  Previous data  This work 

  SVM  SVM-Booster Random Forest-

Booster 

XGBoost-

Booster 

CatBoost-

Booster 

Accuracy  58.3%  60.0% 85.0% 90.0% 85.0% 

Sensitivity  57.1%  100.0% 80.0% 100.0% 80.0% 

Specificity  60.0%  20.0% 90.0% 80.0% 90.0% 

𝑇𝑎𝑏𝑙𝑒 4. 36: The experiment results of boostered machine learning methods on the 

mixed OPD iTBS dataset. 
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4.4.4 Feature Importance and Digital Biomarkers 

To make the machine learning model more explainable, the classification and 

regression tree (CART) based bagging and boosting algorithms have the 

characteristics that output the feature importance. In this section, I will analysis the 

feature importance from the output of the bagging and boosting algorithms with p-

value < 0.05 statistical significance by the feature extraction step. 

 

4.4.4.1 rTMS Data on Bagging and Boosting Machine 

Learning Algorithms 

Table 4.37 to Table 4.39 are the feature importance list of the bagging and boosting 

machine learning methods applied on the rTMS datasets. The value of the feature 

importance in the tables are calculated by the scikit-learn python toolkit, the value is 

bigger, the feature is more important in that decision tree based machine learning 

model. 
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Random Forest Feature Importance on the rTMS dataset 

Feature Importance Sub-band Electrode-Feature P-Value 

0.1081 Delta Fz-Welch 0.0166* 

0.1033 Beta FP2-ApEn 0.0325* 

0.0864 Theta Fz-LLE 0.0166* 

0.0847 Beta F7-ApEn 0.0296* 

0.0655 Delta FP1-ApEn 0.0355* 

𝑇𝑎𝑏𝑙𝑒 4. 37: The feature importance in the random forest model on the rTMS dataset. 

 

XGBoost Feature Importance on the rTMS dataset 

Feature Importance Sub-band Electrode-Feature P-Value 

0.1710 Theta FP2-Welch 0.0203*  

0.1319 Beta F4-LLE 0.0325*  

0.1112 Beta F3-LLE 0.0098**  

0.0929 Alpha F3-KFD 0.0270*  

0.0765 Delta F4-Welch 0.0150*  

𝑇𝑎𝑏𝑙𝑒 4. 38: The feature importance in the XGBoost model on the rTMS dataset. 

 

  

And then, we can analyze the feature importance by electrode channel-wise, feature 

wise, and the subband-wise to get some detail findings. According to Figure 4.22 to 

Figure 4.24 we can know that in the bagging and boosting models, the models prefer 

CatBoost Feature Importance on the rTMS dataset 

Feature Importance Sub-band Electrode-Feature P-Value 

0.5259 Beta F7-DFA 0.0246*  

0.4039 Theta FP2-Welch 0.0203*  

0.0568 Beta F3-LLE 0.0098**  

0.0132 Delta FP1-ApEn 0.0355*  

𝑇𝑎𝑏𝑙𝑒 4. 39: The feature importance in the CatBoost model on the rTMS dataset. 
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to use FP1, FP2, F3, F4, F7 and Fz channels. In the part of linear and nonlinear 

features, the models prefer to LLE, ApEn and Welch features. In addition, the models 

prefer to choose the beta, delta, theta bands to make the prediction of response of 

rTMS. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 22: The statistics of the channel-wise digital biomarkers of bagging and 

boosting model on the rTMS dataset. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 23: The statistics of the feature-wise digital biomarkers of bagging and 

boosting model on the rTMS dataset. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 24: The statistics of the subband-wise digital biomarkers of bagging and 

boosting model on the rTMS dataset. 
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4.4.4.2 iTBS OPD Data on Bagging and Boosting Machine 

Learning Algorithms 

Similarly, Table 4.40 to Table 4.42 are the feature importance list of the bagging and 

boosting machine learning methods applied on the iTBS datasets. The value of the 

feature importance in the tables are calculated by the scikit-learn python toolkit, the 

value is bigger, the feature is more important in that decision tree based machine 

learning model. Interestingly, there are four features extracted from the iTBS MDD 

EEG often selected to use in the prediction by the models: the Welch feature of alpha 

band, F3 channel, the DFA feature of beta band, F8 channel, the DFA feature 

extracted from beta band, Fz channel, the KFD feature extracted from theta band, F4 

channel. These features maybe can looked as the digital biomarker for iTBS response 

prediction in the future. 

 

Random Forest Feature Importance on the iTBS dataset 

Feature Importance Sub-band Electrode-Feature P-Value 

0.1213 Alpha F3-Welch 0.0247* 

0.0949 Beta F8-DFA 0.0454* 

0.0927 Beta Fz-DFA 0.0015** 

0.0745 Theta F7-KFD 0.0454* 

0.0728 Delta Fz-DFA 0.0425* 

𝑇𝑎𝑏𝑙𝑒 4. 40: The feature importance in the random forest model on the iTBS dataset. 
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XGBoost Feature Importance on the iTBS dataset 

Feature Importance Sub-band Electrode-Feature P-Value 

0.1912 Beta Fz-DFA 0.0015** 

0.1138 Theta F4-KFD 0.0230* 

0.0949 Beta F8-DFA 0.0454*  

0.0862 Delta F7-LLE 0.0425*  

0.0809 Theta F7-ApEn 0.0091**  

𝑇𝑎𝑏𝑙𝑒 4. 41: The feature importance in the XGBoost model on the iTBS dataset. 

 

CatBoost Feature Importance on the iTBS dataset 

Feature Importance Sub-band Electrode-Feature P-Value 

0.5505 Delta F3-KFD 0.0454*  

0.2578 Alpha F3-Welch 0.0247*  

0.1917 Beta Fz-DFA 0.0015** 

𝑇𝑎𝑏𝑙𝑒 4. 42: The feature importance in the CatBoost model on the iTBS dataset. 

 

And similarly, we can analyze the feature importance by electrode channel-wise, 

feature wise, and the subband-wise to get some detail findings. According to Figure 

4.25 to Figure 4.27 we can know that in the bagging and boosting models, the models 

prefer to use F3, F7, F8 and Fz channels. In the part of linear and nonlinear features, 

the models prefer to DFA, KFD and Welch features. In addition, the models prefer to 

choose the beta, delta, theta bands to make the prediction of response of iTBS. 
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𝐹𝑖𝑔𝑢𝑟𝑒 4. 25: The statistics of the channel-wise digital biomarkers of bagging and 

boosting model on the iTBS dataset. 

 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 26: The statistics of the feature-wise digital biomarkers of bagging and 

boosting model on the iTBS dataset. 

 

 
𝐹𝑖𝑔𝑢𝑟𝑒 4. 27: The statistics of the subband-wise digital biomarkers of bagging and 

boosting model on the iTBS dataset. 
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4.5 Quantum Machine Learning Results 

Table 4.43 and Table 4.44 show the quantum machine learning results, the QSVM 

algorithms were executed on the real backend, IBMQ quantum computer. We can see 

that under the same feature set, the QSVM are better than classical SVM both on the 

rTMS and the iTBS dataset, it represents that the quantum feature space can do 

feature embedding more efficiently than classical computing. 

 

𝐹𝑖𝑔𝑢𝑟𝑒 4. 28: The measurement probability histogram of QSVM on the rTMS dataset 

with 8192 shots. 

 

Biomarker Frontal EEG signal 

Treatment rTMS 

Patients (N) 62 (RCTD dataset + OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  This work  This work 

  SVM  QSVM 

Accuracy  57.9%  85.7% 

Sensitivity  75.0%  87.5% 

Specificity  28.6%  83.3% 

𝑇𝑎𝑏𝑙𝑒 4. 43: The experiment results of QSVM on rTMS dataset. 
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𝐹𝑖𝑔𝑢𝑟𝑒 4. 29: The measurement probability histogram of QSVM on the iTBS dataset 

with 8192 shots. 

Biomarker Frontal EEG signal 

Treatment iTBS 

Patients (N) 67 (RCTD dataset + OPD dataset) 

Features Linear and Nonlinear features on Delta, Theta, Alpha, Beta, Gamma bands 

Classification  This work  This work 

  SVM  QSVM 

Accuracy  40.0%  85.7% 

Sensitivity  50.0%  85.7% 

Specificity  30.0%  85.7% 

𝑇𝑎𝑏𝑙𝑒 4. 44: The experiment results of QSVM on iTBS dataset. 
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Chapter 5 Conclusion  

In this thesis, I proposed some new approaches to achieve the goal that enhance the 

models’ performance of response prediction both on rTMS and iTBS under the 

premise of prevent overfitting. To our knowledge, the present study is the first to 

demonstrate the combined use of linear and non-linear EEG features along with 

modern ML, DL, and QML models could enhance the predictive rate of 

antidepressant responses to not only rTMS, but also iTBS. In the deep learning part, I 

suggested a new neural network model, ACTSNet, which is inspired by TapNet, can 

prevent model overfitting by its prototype learning mechanism. The LSTM part in 

TapNet does not perform well on the long noisy time series data, thus I modified the 

LSTM part to the attentional convolution architecture and received the state-of-the-art 

result (rTMS accuracy=83.5% and iTBS accuracy=93.6% both on the OPD dataset). 

In the classical machine learning part, I tried the bagging and boosting algorithms for 

their performance are better than SVM according to several publications. The findings 

in the machine learning part is that the bagging machine learning algorithm 

outperform than the boosting algorithms on the EEG data (mix dataset random forest 

accuracy=78.9% on rTMS, accuracy=80.0% on iTBS and OPD dataset random forest 

accuracy=84.6% on rTMS, accuracy=92.0% on iTBS). In addition, I invented booster 
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transformation to enhance the sensitivity and shift the performance distribution. 

Moreover, to train the model more efficiently, I ran the quantum machine learning on 

the real quantum computer, it can find more feature space by spin and entanglement, 

and decrease the time complexity than the same structure classical machine learning 

methods on rTMS and iTBS effect prediction on MDD patients. 
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Chapter 6 Future Work 

To continue this work in the future, firstly, we may can combine more EEG data 

(more patients data. Strictly speaking, the data samples of this research are still too 

small for machine learning, which is easy to cause instability and non-repeatability in 

cross validation results because of the sampling space is quite small.) and with other 

neural signal time series or image data (e.g., computed tomography (CT), positron 

emission tomography (PET), magnetic resonance imaging (MRI), PET-CT, PET-

MRI, or functional near infra-red spectroscopy (fNIRS), etc.) to get more information 

and make more solidly prediction multi-models. Secondly, try to know the real 

mechanism of TMS, we may can try to do some mathematical nonstationary chaos 

analysis [173] on MDD EEG in signal processing and construct the equations with 

brain dynamics modeling [177] in neurophysics and simulate by some computational 

tools like Nengo [172], etc. Thirdly, we can try the semi-supervise learning [157, 

158], meta learning [154], few-shot learning [148, 159, 160] or zero-shot learning 

[155] methods to utilize the unlabeled data in improving the classification 

performance when training samples are scarce. Moreover, for the lack of the clinical 

MDD EEG data, generate EEG brain signals by generative adversarial network 

(GAN) [161] may be the interesting topic in the future. For the machine learning part, 
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we may can use other EEG features [162, 163] and other feature selection methods 

like classical emergent computing and evolutionary computation algorithms [164], 

and their quantum computing versions [165, 166, 167] to improve the model 

performance. We also can use supercomputing techniques (with bigger RAM of 

GPU) to train the machine learning and deep learning models on EEG data directly 

without down-sampling and reducing the information loss [171] or use some model 

compression tricks like network pruning [174], tensor train [175, 176] methods to 

reduce the model parameters or quantum computing-native algorithms [43, 44, 103, 

104, 106, 132, 144] to achieve the goals of speed-up the computing process or reduce 

the computation consumption. To actually know the characteristics in mathematics 

and data science, maybe we can explore the answer from information geometry [183]. 

Information geometry uses Fisher information matrix to construct α −geometry to 

describe the distance between the data points in flat manifold, is more general than 

Kullback-Leibler divergence, which is defined only in the Euclidean space. It may 

can solve the problem of EEG noise reduction and get the more mathematical 

explanations on the differences between responder and nonresponder of MDD TMS 

EEG data. 
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