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Abstract

Machine learning techniques, including deep learning, are renewing state-of-

arts across many disciplines. However, many issues exist that need to be ad-

dressed for the application of these techniques to actual problems, such as

medical diagnosis. A typical issue is imbalanced data, which refers to a state

in which the distribution of a specific class among the accumulated data is

much larger or smaller than that of the other classes. In the case of learning

with imbalanced data, there is a risk of deterioration of the performance of

the minority class because the learning is biased toward a majority class.

In this paper, we discuss the existing methods that address the issue of im-

balanced data, and propose a new methodology using a generative adversarial

neural network. The key idea of this method is a cooperative training loop of

the generator and classifier, wherein the generator and classifier are trained

alternately to gradually expand the decision region of the minority class. Ad-

ditionally, three application studies in the biomedical field are conducted to

discuss the effects and solutions of the imbalanced data, along with the signif-

icance of each study. Each applied study corresponds to the early diagnosis of

dementia using neuropsychological assessment, extreme drowsiness detection

based on brain waves, and electrocardiogram based biometric authentication.

In summary, this paper examines the difficulties of learning caused by imbal-

anced data through practical application studies, and explores methodologies

to solve them.

Keywords: imbalanced data, machine learning, deep learning, generative

adversarial network, dementia diagnosis, drowsiness detection, biometric

authentication, electroencephalography, electrocardiogram
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Chapter 1

Introduction

1.1 Motivation

Machine learning techniques, including deep learning, have significantly im-

proved the state-of-the-art in a variety of fields [1]. However, an imbalanced

data problem is one of the typical issues that causes severe degradation in

performance of the machine learning techniques. An imbalanced data learning

problem can be defined as a learning problem in a binary or multiple-class

dataset, where the number of instances for one of the classes, called the ma-

jority class, is significantly higher than the number of instances for the rest of

the classes, called the minority classes [2]. The imbalance ratio (IR) can been

defined as the ratio between the majority and the minority classes.

Imbalanced data are inherent characteristics of diverse real-world applica-

tions, including medical diagnosis and bioinformatics. Especially, the medical

field is one of the representative fields that faces the imbalanced data problem

[3, 4, 5, 6, 7, 8, 8, 9]. Domains, such as biology, networks intrusion, and fraud

detection, also suffer from the same phenomenon [9, 10, 11, 5]. An important

observation is that in many of these applications, the misclassification cost of

the minority classes is often higher than that of the majority class [12, 13].

Standard learning methods perform poorly in imbalanced data sets as they
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induce a bias in favor of the majority class. Specifically, the minority classes

contribute less to the minimization of the objective function during the training

of a standard classification method. Moreover, the distinction between noisy

and minority class instances is often difficult. An important observation is that

in many of these applications the misclassification cost of the minority classes

is often higher than that of the majority class [12, 13]. Therefore, the methods

that address the class imbalance problem aim to increase the classification

accuracy for the minority classes.

Various methods have been proposed to overcome the imbalanced data

problem [14]. Among the existing methods, over-sampling methods [2, 15,

16, 17] have been widely used to generate minority samples. However, these

methods do not work successfully for high-dimensional data, such as images

[18]. In recent years, generative adversarial networks (GAN) [19] have been

used to generate high-dimensional synthetic samples in the minority class [20,

21, 18, 22, 23]. However, existing GAN-based methods do not consider the

knowledge that samples near the decision boundary have an important role in

expanding the decision region of the minority class [24], that is, because the

generator is trained independent of the classifier, the generated samples are

not related to the decision boundary of the classifier. Hence, it is unclear as

how the generated data are beneficial to expand the decision boundary of the

minority class.
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1.2 Contents of Dissertation

The contents of this dissertation are organized as follows: Chapter 2 covers the

background knowledge regarding imbalanced data, including problem defini-

tions, related approaches, and evaluation metrics. Chapter 3 presents a novel

methodology addressing imbalanced data learning using GAN and verifies its

effectiveness. Chapters 4 - 6 deal with machine learning studies on the real

problem with imbalanced data and confirm the usefulness of the methodol-

ogy presented in Chapter 3. Finally, Chapter 7 concludes the dissertation and

discusses its contribution toward resolving research issues in imbalanced data

learning with deep neural networks.

Chapter 3 addresses the imbalanced data problem by proposing a novel

three-player structure (a classifier, discriminator, and generator), in a cooper-

ative relationship between the generator and classifier. A novel regularization

term is embedded to expand the decision boundary of the minority class in a

cooperative interaction between the generator and classifier. Furthermore, we

develop an alternating optimization strategy and regularization decay scheme,

in which the generator and classifier are trained alternately to learn a desirable

distribution.

Additionally, three application studies on imbalanced data learning are

presented, and the results are applied to the biomedical domain using in-

house real data to examine the impact of imbalance data issues on real-world

problems. In Chapter 4, the first application topic is the neuropsychological

assessment based early diagnosis of dementia. Because the dementia group has

a smaller distribution than the normal group, the problem also has an imbal-

anced data issue. To achieve low-cost high-accuracy diagnosis performance for

dementia using a neuropsychological battery, a novel framework is proposed

using the response profiles of 2,666 cognitively normal elderly individuals and

435 dementia patients who participated in the Korean Longitudinal Study on

Cognitive Aging and Dementia (KLOSCAD). The key idea of the proposed

3



framework is a deep learning-based cost-effective and precise two-stage clas-

sification procedure that employs the mini mental status examination as a

screening test and the neuropsychological assessment battery as a diagnostic

test. The contents of given topic are based on the following research:

• Hyun-Soo Choi, Jin Yeong Choe, Hanjoo Kim, Ji Won Han, Yeon

Kyung Chi, Kayoung Kim, Jongwoo Hong, Taehyun Kim, Tae Hui Kim,

Sungroh Yoon∗, Ki Woong Kim∗, “Deep Learning Based Low-cost High-

accuracy Diagnostic Framework for Dementia Using Comprehensive Neu-

ropsychological Assessment Profiles.” BMC Geriatrics, vol. 18, no. 1, p.

234, October 2018.

In Chapter 5, the second application topic is extreme drowsiness detection

using brain-wave signals. Because extreme drowsiness occurs intermittently

during daytime activities, its detection can also be defined as imbalanced

data learning. Currently, the socioeconomic losses caused by extreme day-

time drowsiness are enormous. Hence, it is necessary to build a virtuous cycle

system that can be used in any environment, to improve work efficiency and

safety by monitoring instantaneous drowsiness. This study proposes a novel

framework to detect extreme drowsiness using a short time segment (∼ 2 s)

of EEG, which well represents the immediate activity changes depending on

a person’s arousal, drowsiness, and sleep state. To develop the framework, we

used multitaper power spectral density for feature extraction along with ex-

treme gradient boosting as a machine learning classifier. The contents of given

topic are based on the following research:

• Hyun-Soo Choi, Seonwoo Min, Siwon Kim, Ho Bae, Jee-Eun Yoon,

Inha Hwang, Dana Oh, Chang-Ho Yoon, and Sungroh Yoon, “Learning-

based Instantaneous Drowsiness Detection Using Wired and Wireless

Electroencephalography.” IEEE Access, pp. 1-13, October 2019.

• Hyun-Soo Choi, Siwon Kim, Jung Eun Oh, Jee Eun Yoon, Jung Ah

4



Park, Chang-Ho Yun∗, and Sungroh Yoon∗, “XGBoost-Based Instanta-

neous Drowsiness Detection Framework Using Multitaper Spectral Infor-

mation of Electroencephalography.” in Proceedings of the ACM Confer-

ence on Bioinformatics, Computational Biology, and Health Informatics

(ACM-BCB), Washington DC, USA, August 2018.

In Chapter 6, the last application topic is electrocardiogram (ECG)-based

biometric authentication. Biometric authentication techniques can be defined

as classification problems with authorized user and others. Because the per-

son who needs to succeed is unique and multiple people can attempt false

authentication, the distribution of target classes is imbalanced. ECG signals

from mobile sensors are expected to increase the availability of authentication

parameters in the emerging wearable device industry. However, mobile sensors

provide a relatively lower-quality signal in comparison with conventional medi-

cal devices. This study proposes a practical authentication procedure for ECG

signals obtained through one-chip-solution mobile sensors. We achieved 4.61%

of the equal error rate (EER) on a single heart-beat and 1.87% of EER in 15

s of testing time on 175 subjects. Despite the noisy ECG signals in the mobile

sensors, the proposed method demonstrates a reasonable result and supports

the usability of low-cost ECGs for biometric authentication. The contents of

given topic are based on the following research:

• Hyun-Soo Choi, Byunghan Lee, and Sungroh Yoon∗, “Biometric Au-

thentication Using Noisy Electrocardiograms Acquired by Mobile Sen-

sors.” IEEE Access, vol. 4, pp. 1266-1273, March 2016.
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Chapter 2

Background

2.1 Definition of Imbalanced Data

The imbalanced data problem typically occurs when there are considerably

more instances of some classes than others in a classification problem. Techni-

cally, any dataset that exhibits an unequal distribution between its classes can

be considered as imbalanced. However, the common understanding in the com-

munity is that imbalanced data corresponds to datasets exhibiting significant,

and in some cases, extreme imbalances.

A simple example from Baptiste Rocca’s blog [25] provides better under-

standing on the definition of imbalanced data and its difficulties, in machine

learning problems. Let’s suppose that we have two classes, C0 and C1, sam-

ples from the class C0 follow the distribution of P (x|Ci) ∼ N (0, 4), which is

a one-dimensional Gaussian distribution of mean 0 and variance 4. Samples

from the class C1 follow the distribution of P (x|Ci) ∼ N (2, 1), which is a one-

dimensional Gaussian distribution of mean 2 and variance 1. Next, we assume

the probability of class C0, P (C0) = 0.9 and the probability of the class C1,

P (C1) = 0.1. In the following Figure 2.1, we depict a representative dataset

containing 50 points along with the empirical distributions of both classes in

the given proportions.

6
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Figure 2.1: Illustration of imbalanced data example

In this example, we can see that the dotted curve of C0 is always above

that of C1. Hence, for any given point, the probability that this point is drawn

from C0 C0 is always greater than the probability that it is drawn from C1.

Mathematically, using the basic Bayes rule, we can define

P (C0|x) = P (x|C0)
P (C0) P (x) > P (x|C1)P (C1)

P (x) = P (C1|x) (2.1)

where we can clearly see the effect of the priors and how it can lead to a

situation where one class is always more likely (have a higher probability) than

the other classes. Theoretically, it is implied that if we train a classification

model with these datasets, the accuracy of the classifier will always be maximal

for C0. However, all C1 samples are incorrectly classified. If the goal is to train

a classifier to achieve the best possible accuracy regardless of class, then it

should not be a problem. However, misclassification cost of the minority classes

is much higher than that of the majority class. Therefore, the classification

methods should consider the increase of accuracy for the minority classes C1.

7



2.2 Approaches for Imbalanced Data Learning

2.2.1 Conventional Data-level Balancing Approach

Conventional data-level approaches that are adopted to address the imbalance

issues can be categorized into the following: over-sampling, under-sampling,

and hybrid. The over-sampling methods generate synthetic minor samples to

balance the training data. SMOTE [2] is the most well-known over-sampling

method that generates a new sample on the line interpolating the k-nearest

neighbors among the minority class samples. Borderline-SMOTE [15] and an

adaptive synthetic sampling approach [16] improve the over-generalization is-

sue in SMOTE by generating samples through more advanced methods. The

under-sampling methods balance the training data by removing the majority

samples. The clustering centroid method substitutes a cluster of the majority

class with the cluster centroid, and the condensed nearest neighbor method ef-

fectively removes the majority class samples that are remote from the decision

boundary [17]. SMOTEENN [26] is one of the representative hybrid meth-

ods. It combines the over-sampling algorithm, SMOTE, and under-sampling

algorithm by editing the nearest neighbor decision rules (ENN).

However, all these conventional methods consider only the local informa-

tion, indicating that they cannot reflect the entire data distribution. Further-

more, these methods are based on a simple distance metric (e.g., Euclidean).

Therefore, they do not successfully consider the high-dimensional data [18].

2.2.2 Cost-sensitive Loss-based Balancing Approach

The cost-sensitive loss-based approach modifies the existing classification loss

function (i.e., cross entropy loss) to give extra considerations to minority class

samples. The advantage of the cost-sensitive approaches is that they are easy

to apply, especially in deep learning. The vanilla scheme of giving extra con-

sideration assigns (adaptive) weights to each class. Furthermore, recent works
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assigned weights to each sample based on its individual properties based on the

concept of hard sample mining. Hard negative samples are more informative

than easy samples because they violate the boundary of the classifier by not

only being on the wrong side but also far away from it. Therefore, hard nega-

tive mining improves a model quickly and effectively with less training data.

Representative methods are class rectification loss (CRL) [27], max-pooling

loss (MPL) [28], and focal loss [29]. However, as illustrated in our experi-

ments in Chapter 3, the performance improvements of loss-based approaches

are limited.

2.2.3 GAN-based Balancing Approaches

In recent years, GAN has been used as a method for over-sampling to reflect

the actual distribution of a minority class [20, 21, 18, 22, 23]. Various works

exploit the GAN models, such as deep convolutional GAN (DCGAN) [20],

conditional GAN (cGAN) [18], or cycleGAN [22], to restore the distribution

by synthesizing data. Balancing GAN (BAGAN) [21] is the most recently

proposed model that is a slightly modified version of an auxiliary classifier

GAN [30] to specialize in the generation of minority class samples. Different

from conventional approaches, GAN-based methods can generate samples of

the minority class by considering the true distribution of class data. In all these

studies, the process of generating samples using the GAN and the process of

learning a classifier with the generated samples are independent of each other.

However, if we use the game theory in training a generator and classifier, the

cooperative training between the classifier and generator will contribute to

generating effective samples for training the classifier.
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Figure 2.2: Illustration of classification metrics.

2.3 Evaluation Metrics

The most common metric for the classification task is accuracy, which is de-

fined as below:

Accuracy = TP + TN
TP + TN + FP + FN , (2.2)

where TP, FP, FN, and TN are respectively true positive, false positive, false

negative, and true negative. Several previous studies dealing with imbalanced

data [21, 22, 20] have used accuracy as an evaluation metric. However, the

accuracy metric cannot precisely evaluate the classification of the minority

class for extremely imbalanced data. This is because high accuracy can be

achieved by a simple zero-rule classifier, which decides that all samples belong

to the majority class. If we use a zero-rule classifier for our imbalanced data,

the accuracy will be 95% or more.

Other metrics should be utilized to specifically evaluate a classification of

the imbalanced data. The precision expresses how trustworthy the result is

when the model answers that a point belongs to a class, and is defined as
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below:

Precision = TP
TP + FP (2.3)

The recall expresses the ability of the model to detect that class, and is defined

as below:

Recall = TP
TP + FN (2.4)

The combinations of recall and precision have the following meanings:

• high recall, high precision: the model handles the target class perfectly.

• low recall, high precision: the model seldom detects the target class, but

is highly trustworthy when detection occurs.

• high recall, low precision: the model well detects the target class, but it

also includes other classes as the target class.

• low recall, low precision: the target class is poorly handled by the model.

The F1 score of a class is given by the harmonic mean of precision and recall,

and it combines the precision and recall of a class in one metric as

F1 = 2 · Precision · RecallPrecision + Recall (2.5)

Sensitivity refers to the ability of correctly detecting the target class, which

does have a certain condition. In the example of a medical diagnosis to identify

a certain disease, the sensitivity, also known as detection rate in a clinical

domain, is the proportion of people who test positive for the disease among

those who have the disease. Sensitivity is defined as

Sensitivity (SEN) = TP
TP + FN (2.6)

Specificity relates to the ability to correctly reject the other class (healthy

control) that is without a condition. Consider the example of a medical test
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Figure 2.3: Relation between prediction score and curves (i.e., receiver oper-
ating characteristic and precision-recall).

for diagnosing a disease. Specificity is the proportion of healthy controls, which

do not have the disease and diagnose negative for it. Specificity is defined as

Specificity (SPE) = TN
TN + FP (2.7)

The scheme of each metric till the prediction of the results is depicted in Figure

2.2.

The above-mentioned metrics assume the direct predictions of each class.

However, classification results enable the calibration of the threshold, given

the probability for each class. This is depicted by black arrows in Figure 2.3,

which illustrates the interpretation of the probabilities. To address this prob-

lem, we adopt the area under the receiver operating characteristic (AUROC)

curve [31] and the area under the precision-recall (AUPR) curve [32]. To cal-

culate AUROC, the ROC curve is obtained by plotting the true positive rate

(sensitivity) against the false positive rate (1− specificity) at various decision

threshold settings. To calculate AUPR, the PR curve is created by plotting

the positive predictive value (precision) against the true positive rate (recall)

at various decision threshold settings. Because AUROC and AUPR are not

specific to a particular decision threshold, these metrics can provide a more

valid evaluation of the performance on the trained model than the accuracy

metric. Higher AUROC and AUPR can be achieved through more separable

distribution of the score and is represented by the pink arrows in Figure 2.3.
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AUROC is more common than AUPR; however, AUPR is more sensitive than

AUROC in terms of highly imbalanced datasets [32]. The AUPR value is mea-

sured to be very low for the imbalanced data, and as the analytical power of

a classifier for the minority class increases, the AUPR value also increases by

a large amount.
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Chapter 3

GAN-based Imbalanced Data

Learning Technique

3.1 Introduction

The imbalanced data problem is a phenomenon in which the number of sam-

ples in minority and majority classes indicates a large gap in training data.

The medical field is representative fields of the imbalanced data problem [3].

Domains including biology, network intrusion, and fraud detection also suffer

from the same phenomenon [9, 10, 11, 5]. The imbalance ratio (IR) between

minority and majority classes varies depending on the application, and in se-

rious cases, the IR may be as high as 100,000 [2, 33]. For many applications, it

is more costly and important to classify the minority than the majority class

[12, 13].

Since imbalanced data causes severe performance degradation in machine

learning, it is an important research topic in both academia and industry [5].

The decision boundary learned by standard machine learning with imbalanced

data can be strongly biased by the majority class, causing low precision of the

minority class. Ultimately, the goal of addressing the imbalanced data problem

is to increase the classification performance of the minority class.
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Figure 3.1: The cooperative interactions between the generator and classifier
generate the minority samples near the decision boundary to expand the de-
cision region of the minority class.

Various methods have been proposed to overcome the imbalanced data

problem [14]. Among existing methods, data-level balancing methods have

been widely used to balance training samples [2, 15, 16, 17]. Loss-based meth-

ods, in which loss gives larger weighting on minority samples than majority

samples, have also been widely used [20, 18, 22]. In recent years, generative

adversarial networks (GAN) [19] have been used to generate high-dimensional

synthetic samples in the minority class [20, 21, 18, 22, 23]. Most of the existing

GAN-based methods addressed in our paper do not consider the effect on a

classifier in training a generator and a discriminator of GAN, thus limiting

improvement opportunities for the generated samples. To handle this issue,

the concept of TripleGAN [34] has been adopted to address imbalanced data

classification [35]. However, since TripleGAN was originally proposed for semi-

supervised learning, it has an adversarial relationship between a classifier and

a discriminator, which limits performance improvement.

The samples near the decision boundary play an important role in train-

ing classifiers. For this reason, various research has the attempts to utilize

the concept of decision boundary, such as knowledge distillation via decision

boundary transfer [36], classifier training robust to adversarial attacks [37],
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and out-of-distribution detection problems [38]. To the best of our knowledge,

however, there are no attempt to address an imbalanced classification problem

by generating samples with GAN to expand a decision boundary of the minor-

ity region. The novelty of our study is the decision boundary regularization,

which promotes the convergence of the alternating optimization in training

our three-player structure for mitigating the imbalance issue

In this paper, instead of the adversarial relationship between a classifier

and a discriminator, we propose a novel cooperative relationship between a

generator and a classifier. Our key concepts and contributions are as follows:

• A three-player structure (a classifier, a discriminator, and a generator)

is proposed in a cooperative relationship between the generator and the

classifier to address imbalanced data learning.

• A novel regularization term is embedded to expand the decision bound-

ary of the minority class in a cooperative interaction of the generator

and the classifier, as shown in Figure 3.1.

• We develop an alternating optimization strategy, along with a regulariza-

tion decay scheme, in which the generator and the classifier are trained

alternately to learn a desirable distribution.

• The proposed method is validated experimentally using in-depth self-

analysis as well as by comparing with the existing methods.
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3.2 Proposed Method

To formulate our concept for expanding the minority decision region to have a

desirable distribution, we design a three-player structure for imbalanced data

learning (Section 3.2.1) and develop an alternating training scheme with a

cooperative training loop between the generator and the classifier (Section

3.2.2).

3.2.1 Three-Player Structure for Imbalanced Data Learning

Motivation

As mentioned in the section 2.2.3, TripleGAN [34] is designed to generate

pseudo-labels for unlabeled samples for facilitating semi-supervised learning.

The discriminator (D) in TripleGAN discriminates between a true and a false

label which is generated by the classifier (C). TripleGAN has an adversarial

relationship U(C,D) between D and C, as seen in Figure 3.2 (a). However,

in the case of an imbalanced data problem, the adversarial relationship is not

useful and may lead to an unstable convergence. In the proposed model, a

cooperative relationship is developed between G and C to ensure that both

G and C are benefitted by joint training. For developing the cooperative rela-

tionship, additional utility terms U(G,C) and R(G,C) have been proposed as

depicted in Figure 3.2 (b). The proposed three-player structure is designed to

expand minority region by generating minority samples towards the border-

line between the majority and the minority in the early stage of training, and

finally to provide densely distributed samples within an expended minority

region. In the following section, we describe the details of the proposed utility

function and discuss its impact on imbalanced data learning.
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(a) TripleGAN (b) Proposed

Figure 3.2: Difference between TripleGAN and Proposed.

Utility Function

To describe our utility function for our three-player structure shown in Figure

3.3, we define notations. x denotes the input data and y denotes the output

label. Then, x = G(z, y) denotes a generated sample from the randomly gen-

erated z and y values. It is assumed that the observed training samples are

sampled from unknown p(x, y) and that samples from both p(z) and p(y) can

be easily obtained by using simple known distributions (normal or uniform,

etc.) during training. The classified label is denoted by y = C(x) and the

output of D is denoted by D(x, y) for given x and y. Additionally, the joint

distributions pg (x, y) and pc (x, y) are defined as

pg (x, y) := p (y) pg(x|y) = p (y) p (G(z, y)|y) , (3.1)

pc (x, y) := p (x) pc (y|x) = p (x) p (C(x)|x) . (3.2)

Here, pg(x|y) = p (G(z, y)|y) in (3.1) indicates the distribution of synthetic

samples generated by G for a given label y. pc(y|x) = p (C(x)|x) in (3.2)

indicates the distribution of labels, determined by C, for the given samples

(generated or observed).

Our goal is to design a utility function U(C,D,G) for imbalanced data
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Figure 3.3: The proposed GAN architecture.

learning in three-player game given by

min
C,G

max
D
U(C,D,G). (3.3)

In this paper, the utility function for imbalanced data learning is proposed

as

U(C,D,G) = Ug(D,G) + Uc1(C)+

(1− λ)Uc2(G,C) + λR(G,C), (3.4)

where the last two terms are distinctive aspects against TripleGAN and they

take key roles for cooperative training of G and C in our method. The third

term is for jointly training of G and C, whereas the fourth term is for minority

region expansion. These two terms are linked by a hyper-parameter λ for

trade-off scheduling between the two terms. Each term is defined formally in

the following.

The term Ug(D,G) is well known utility function of cGAN, which is defined
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as

Ug(D,G) = Ep(x,y)
[
logD(x, y)

]
(3.5)

+ Epg(G(z,y),y)
[
log(1−D(G(z, y), y))

]
.

The term Uc1(C) is for training C with only the observed (real) data,

whereas Uc2(G,C) is for joint training of G and C, which are defined as

Uc1(C) = Ep(x,y)
[
− log pc (y|x)

]
, (3.6)

Uc2(G,C) = Epg(G(z,y),y)
[
− log pc (y|G (z, y))

]
. (3.7)

In particular, Uc2(G,C) makes C be trained to well classify the samples gen-

erated by G, whereas G be trained to generate extra samples helpful for C.

Lastly, R(G,C) is introduced for expansion of the minority region. To de-

fine R(G,C), the classification scores for the minority and majority classes are

denoted by Cmi (G(x)) and Cma (G(x)), respectively, and a generated minority

sample is denoted by xmi
g . Using these terms, R(G,C) is defined as

R(G,C) = Epg(x,y)
[
smi
g

]
, (3.8)

where

smi
g =


[
Cmi(xmi

g )− Cma(xmi
g )
]2
, if Cmi(xmi

g ) > Cma(xmi
g )

0, otherwise.

The role of R(G,C) is presented in the following section.

Effect to Imbalanced Data Learning

In R(G,C), if xmi
g is placed in the minority region of the current state of C

(upper condition in (3.8)), xmi
g moves towards the majority region as R(G,C)

is minimized. While, if xmi
g is placed in the majority region (the lower condition
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Figure 3.4: Through cooperative training, G is trained to generate minority
samples (yellow) crossing the decision boundary between the minority class
Cmi and the majority class Cma. As indicated by the dashed line, the samples
generated by the tuned G contribute to the expansion of the minority class
region for the next training of C.

in (3.8)), this sample is already beneficial to expand the region, thus, it does

not need to move. Hence, as shown in Figure 3.4, minimizing R(G,C) plays

a role in generating minority samples to expand the minority region in the

direction of the majority region in training C.

However, if we constantly expand the minority region, the classification

performance of the majority class would degrade. To prevent degradation, we

introduce a hyper-parameter λ for a trade-off scheduling between Uc2(G,C)

and R(G,C). By reducing λ gradually to zero during the alternate training

of C and G, the role of R(C,G) vanishes. This implies that G is trained

for the expansion of the minority class decision region in the early training

stage only. As λ decays, the term of Uc2(G,C) contributes to achieving a

densely distributed decision region. More details about the decaying scheme

are described in the training section. Theorem 1 shows the proposed utility

function has an equilibrium when λ decays to zero.

Theorem 1. The equilibrium of U(C,D,G) with λ = 0 is achieved if and

only if

p(x, y) = pg(x, y) = pc(x, y) = pc(G(z|y), y). (3.9)
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Figure 3.5: Alternating training scheme of proposed method.

Note that pc(x, y) = pc(G(z|y), y) means that the training of C relies on the

distribution of samples generated by G at the equilibrium. Hence, how well

G learns the true distribution dominates the performance of C. The proof is

given in Appendix 1.

3.2.2 Training Scheme

Overall Scheme

To promote cooperation between G and C, along with Uc2(C,G) and R(G,C),

in optimization process, we adopted an alternating optimization strategy. The

overall scheme of the proposed method is outlined in Figure 3.5. Before starting

alternating optimization, we pretrained G/D with the observed imbalanced

data for the initial generator. As the first step of the alternating loop, C is

trained with a balanced batch generated by fixed G/D. Thereafter, G/D is

trained in cooperation with C, along with the decision boundary regularization

R(G,C). These two optimizations are repeated iteratively in an alternating

loop. Each optimization is described in the upcoming sections. The alternating

loop induces G to generate minority samples that help C expand the minority

region during the initial training phase. As λ decays with increasing iterations,
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the joint term Uc(G,C) plays a major role in achieving a desirable distribution

within each decision region determined by the trained C. To escape each loop,

we adopted the validation-based early stopping rule [39].

The training parameters of G, D, and C are denoted by θg, θd, and θc,

respectively. Then, the empirical utility function is denoted by parameterized

functions as

Ũ(θd, θg, θc) = Ũg(θd, θg) + Ũc1(θc)

+ (1− λ)Ũc2(θc, θg) + λR(θc, θg). (3.10)

The training of θc with a balanced batch generated by G and the training of

θg/θd in cooperation with C, are described in the following sections.

Training of C with Balanced Batch by G

In this stage, only C is trained using the empirical utility function, Ũ(θd, θg, θc)),

in (3.10). That is, only the parameter vector θc of C is updated after fixing

θg and θd. As θg is fixed, θc is updated by descending the empirical utility

function in (3.10) along its stochastic gradient with respect to θc. The samples

of minority class for balancing are generated by the trained G in a batch-

wise manner, whereas the existing GAN-based balancing methods adopt a

one-shot balancing policy. In a one-shot balancing policy, the fixed number

of minority samples are generated before training C as a preprocessing step.

In batch-wise balancing, however, new samples are generated for each batch.

Batch-wise balancing is advantageous because it can fully utilize G by generat-

ing an unlimited number of samples, as new samples are generated repeatedly

in a batch-wise manner until C converges. Another advantage is memory effi-

ciency. Unlike one-shot balancing, batch-wise balancing requires only a small

amount of memory for as much as one batch size.
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Training of G/D in Cooperation with C along with R

This training stage is designed to train G/D to pursue a balanced distribution

by expanding the minority decision region and generating sufficient samples

within the decision region. To prevent over-expansion of the minority region,

we designed a decaying rule of λ in the utility function (3.10). Specifically,

λ is exponentially reduced by multiplying hyper-parameter γ ∈ (0, 1) every

iteration loop (i.e., λ = γi for i-th iteration). The value of γ is empirically se-

lected in experiments. In each alternating loop, by fixing θc, θg/θd are updated

by descending/ascending Ũ(θd, θc, θg) in (3.10) along their stochastic gradient

with respect to θg/θd. Note that θg/θd also can be trained for several epochs

in each loop, but one epoch was empirically sufficient.
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3.3 Experimental Results

3.3.1 Evaluation Setup

Datasets to Validate Our Method

We adopted one synthetic and two real imbalanced datasets. Two factors were

considered in synthetically constructing an imbalanced dataset that cannot

be easily classified. The first factor is the degree of similarity between classes.

Learning will be easy if both classes are distinct from each other, even if

a considerably small number of samples is provided for the minority class.

Therefore, constructing classes with high similarity is desirable for evaluating

the performance of imbalanced data learning. The second factor is the im-

balance ratio (IR) between classes. Previous studies constructed a synthetic

dataset with a low IR, not higher than 2.5 (100:40) [21]; however, these low IR

data are insufficient to verify the methods for an extremely imbalanced case.

It is therefore desirable to set a sufficiently large value for the IR.

Considering these two factors, we constructed two training datasets from

the CIFAR10 [40] data. Based on the first factor, we selected two highly sim-

ilar classes from the original CIFAR10 dataset: car (majority class) vs. truck

(minority class), Cat (majority class) vs. Dog (minority class), Horse (ma-

jority class) vs. Deer (minority class), and Airplane (majority class) vs. Ship

(minority class). Based on the second factor, we set IR to 20 (100:5). We used

all samples in the majority class dataset and randomly selected 5% of the

samples from the minority class dataset. A validation dataset was constructed

with 20% of samples in the selected training dataset. For the test dataset,

we used the original test dataset released by CIFAR10. Using this data, we

deeply self-analyze our method in various aspects detailed in Section 3.3.2.

Furthermore, to verify the effectiveness of the proposed method on the multi-

class classification problem, with reference to [41], we made an imbalanced

multi-class dataset by extraction 5% of the samples for half classes (0, 2, 4, 6,
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Figure 3.6: Effect of λ along with R(G,C). The proposed method (with λ
decay) shows more stable and higher performance than the other two cases.

8) in CIFAR10.

To verify the generality on real imbalanced data, we chose two datasets.

The first real dataset is a dementia diagnosis data set presented on [42]. De-

mentia dataset is composed of 92 dimensions of neuro-psychological assessment

profiles. There are eight times as many control subjects as dementia subjects

(IR = 8). The second real dataset is CelebA [43]. This dataset is composed of

200,000 portraits with 40 classes of multi-labels, and some attributes, such as

baldness or hat-wearing, are extremely imbalanced. By validating our method

with CelebA, we could confirm its generality for multi-label classification prob-

lems as well as for binary classification problems. Two real imbalanced datasets

are used for comparative analysis.

3.3.2 Self-analysis

Effect of λ along with R(G,C)

To analyze the influence of λ and its decay scheme along with R(G,C) in

(3.4), we evaluated the convergence of the optimization process for each of the
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Figure 3.7: Radar chart for ablation comparison of classifier performance on
CIFAR10. Scores are from the validation∗ and test† sets. For better visualiza-
tion, each score is normalized with mean and variance.

three settings: without R(G,C), without λ decay scheme, and with λ decay

scheme. Figure 3.6 shows the results of the three cases using CIFAR10. In the

case without R(G,C) (green line), using the utility function in (3.3), the per-

formance was not much improved due to the premature convergence explained

in the methods section. In the case without a λ decay scheme (blue line), per-

formance degraded after approximately 100 iterations, due to over-expansion

of the minority region. In contrast, the case with λ decay (proposed, brown

line), using the utility function in (3.4), the high and stable performance was

achieved as expected. The degree of decay for λ = γi is determined by the

value of γ, which is observed to be dependent on the dataset. We determined

γ empirically as 0.9, 0.1, and 0.5 for CIFAR10, Dementia, and CelebA, respec-

tively.
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Ablation Study

The ablation study was conducted with CIFAR10 by sequentially adding each

ablation component because each component could not be implemented with-

out the previous components. The role of the components is validated through

an ablation study on CIFAR10 through ablation of one baseline and three

variants as listed in the table.

Baseline w/o xmi
g w/o Uc2 (G, C) w/o R(G, C)

Variant 1 w/ xmi
g w/o Uc2 (G, C) w/o R(G, C)

Variant 2 w/ xmi
g w/ Uc2 (G, C) w/o R(G, C)

Variant 3 w/ xmi
g w/ Uc2 (G, C) w/ R(G, C)

Note1 w/o: without, w/ : with, xmi
g : generated minority samples.

Note2 Variant 3 is the proposed one. Baseline uses only C.

Figure 3.7 depicts the results of the ablation study. First, on Variant 1

(orange line), performance improves slightly compared to learning using only

C (blue line). As this variant corresponds to existing cGAN, the amount of

improvement is not significant. On Variant 2 (green line), a significant im-

provement of performance is achieved in addition to the first ablation (green

line). This implies the terms for joint training of G and C along with alternat-

ing training contributes to both G and C so that C helps G generate samples

beneficial to C, consequently improving C’s performance. Finally, when the

R(G,C) term was added as Variant 3, it significantly improved since G gen-

erated samples to interactively expand the minority region (red line).

Validity of Samples Generated Throughout Cooperative Training

Figure 3.8 shows a map of the samples generated by the proposed GAN in the

feature space. The blue and red contours represent the majority and minority

class distributions, respectively, for the given training data. The dark red dots

represent the 64 samples generated by G. Features in the intermediate layer of

C were extracted for all samples and were visualized in two-dimensional space
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using the parametric t-distributed stochastic neighbor embedding scheme [44].

For fair visualization, we used a fixed z to generate samples at each iteration.

In Figure 3.8, the leftmost panel shows the samples generated by cGAN

learning, which was only trained in the initial phase, without cooperative train-

ing. Most of the samples are mapped in a small region within the training

data distribution. The remaining panels show a map of the samples generated

through repeated cooperative training. Although the samples were generated

using the same z values, they are mapped in different positions of the fea-

ture space in every iteration. Especially in the first cooperative training, as

the value of λ is 1, most of the generated minority samples cross the decision

boundary between two classes. We can see that as the λ value decays, the

tendency of generating samples cross the decision boundary decreases.
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Figure 3.8: Distribution of each class and generated minority samples in feature space. Without cooperative training, generated
samples are located within the training data distribution. However, with cooperative training, generated samples tend to be
located on the borderline. As λ decays, generated samples return to the distribution with broader coverage.
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As most data-level sampling methods provide samples only in the inner

region of the training data distribution, they risk over-fitting [45]. In contrast,

we can observe that several samples generated by our method are positioned

over the decision boundary between two classes. This result implies that the

proposed method can expand the minority region to improve the generalization

performance of C on the minority class. After the regularization term vanishes

by reducing λ to almost zero, the generated samples cover a wide region of the

minority class, as shown in the fourth map of Figure 3.8.

Figure 3.9 shows the locations of the generated minority samples in feature

space. Top right images in (a) and (b) are the generated sample images. The

numbers left to the generated images are the indexes which correspond to

the numbers in feature space. Figure 3.9-(a) represents the generated sample

locations after the first cooperative training. As discussed in section 4.5, due

to λ = 1, the generated minority samples are located around the borderline of

two classes. Figure 3.9-(b) represents the generated sample locations after 80th

cooperative training. As λ converges to 0, the generated samples are located

within the original distribution rather than the borderline. Even though the

images with the same index in (a) ad (b) are generated with the same value of

z, appearances of the two images with the same index are different from each

other. Many of the generated images in Figure 3.9-(a) look like a car (low and

round). This figure illustrates that G trained in the initial cooperative training

phase can generate the ambiguous minority samples that look like majority

samples. These ambiguous minority samples are beneficial to the expansion

of the minority region. However, as λ converges to zero, the generated images

become similar to truck image (high and box-style) as shown in Figure 3.9-(b).
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Figure 3.9: Feature space mappings and images of generated minority samples
(truck) against majority samples (car).
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3.3.3 Comparative Analysis

To verify the validity of the proposed method, we compared the classification

performance to several existing techniques using three datasets.

Compared Methods

For the conventional data-level methods, we adopted six methods described

in section 2.2.1. For implementation, we used the imbalanced-learn tool [46].

The compared loss-based methods are CRL [27], MPL [28], and focal loss

[29]. GAN-based techniques were compared to three other methods. The first

method is based on cGAN, which is used in most GAN-based approaches. The

structure of cGAN is the same as that used in our work. The second method

is BAGAN [21]. The authors of BAGAN released the source code, and the

structure and hyper-parameters specified in their paper were used. The third

GAN-based method is TripleGAN [34], HexaGAN [35] uses the concept of

TripleGAN for imbalanced data problem.

Hyper-parameters and Experimental Settings

For a fair comparison, hyper-parameters of the classifier for each dataset are

searched for the classifier only (baseline) case. Then, the same set of classi-

fier’s hyper-parameters were used for the others. Besides, the unique hyper-

parameters of each method, such as γ of focal loss [29], were searched within

a specific range following their guidelines and selected with the values which

showed the best validation performance. In the case of GAN-based techniques,

the same structure of G and D were used, except for BAGAN having its own

structure.

33



Table 3.1: Test set performance of CIFAR10 (car vs. truck), Dementia, and CIFAR10 (all labels) dataset.

Methods
CIFAR10 (car vs. truck)† Dementia (control vs. patient) CIFAR10 (all labels - multi-class)‡

AUPR AUROC F1 AUPR AUROC F1 Mean
Accuracy

Micro
AUPR

Micro
AUROC

Micro
F1

Classifier only 0.8275 0.8223 0.3498 0.9260 0.9741 0.8449 0.5824 0.6543 0.9033 0.5569

Conventional
Data-level

SMOTE 0.8361 0.8287 0.4764 0.9183 0.9712 0.4515 0.5582 0.6315 0.8927 0.5208
B-SMOTE 0.7966 0.7861 0.4638 0.9083 0.9679 0.4910 0.5467 0.6187 0.8906 0.5121
ADASYN 0.8795 0.8711 0.5685 0.9045 0.9661 0.3637 0.5914 0.6215 0.9003 0.5666

CC 0.6551 0.6591 0.5806 0.8830 0.9643 0.8050 0.3121 0.3071 0.7575 0.2778
CNN 0.7399 0.7417 0.5520 0.9099 0.9702 0.8063 0.5052 0.5518 0.8709 0.4724

SMOTEENN 0.8405 0.8421 0.6731 0.9049 0.9694 0.4847 0.4500 0.4533 0.8466 0.4482

Loss-based
CRL 0.8743 0.8714 0.4445 0.9149 0.9732 0.7711 0.5746 0.5758 0.8500 0.5522
Focal 0.8595 0.8417 0.5647 0.8821 0.9661 0.8197 0.5770 0.5603 0.8870 0.5506
MPL 0.8321 0.8253 0.6379 0.9188 0.9733 0.8471 0.5593 0.6307 0.8951 0.5282

GAN-based

cGAN 0.8479 0.8491 0.5869 0.9283 0.9748 0.9200 0.5388 0.6136 0.8873 0.5032
BAGAN 0.7641 0.7740 0.4071 0.9112 0.9691 0.9042 0.5793 0.6486 0.9019 0.5516

TripleGAN 0.8412 0.8381 0.4902 0.9305 0.9743 0.8740 0.6031 0.6734 0.9142 0.5790
Proposed 0.9375 0.9350 0.7602 0.9391 0.9773 0.9215 0.6106 0.6889 0.9146 0.5866

† The additional results on other two class combinations beside car vs. truck in CIFAR 10 are given in Appendix 2.
‡ Majority class: 1, 3, 5, 6, 7, Minority class (5% of training samples): 0, 2, 4, 6, 8
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Table 3.2: Test set performance of multi-label CelebA

Methods CelebA
Mean AUPR Mean AUROC Mean F1

Classifier only 0.7137 0.9162 0.7861

Loss-based
CRL 0.6982 0.9207 0.6938
Focal 0.6857 0.9044 0.7881
MPL 0.6154 0.8630 0.7428

GAN-based
cGAN 0.7138 0.9177 0.7944

TripleGAN 0.7033 0.9123 0.7853
Proposed 0.7293 0.9226 0.7979

Conventional data-level methods and BAGAN do not support multi-label.

Comparison Results

The comparative results are listed in Table 3.1 and 3.2. The results for other

class combinations, other than car vs. truck for CIFAR10, are shown in Ap-

pendix 2. Our method outperformed all the compared methods on all the

datasets consistently. For binary CIFAR10 (car vs. truck, etc.), most of the

existing methods tend to show improvement against the classifier only. But

some methods such as under-sampling methods only show improvements in

F1 score and not for AUPR and AUROC. The proposed outperforms exist-

ing methods on not only binary-class problems but also CIFAR10 multi-class

problems. The baseline exhibits a relatively higher performance in the case of

dementia due to the low value of IR. It is observed that the proposed method

is accurate and shows consistent improvement in all metrics. As CelebA also

has various IR values (1 to 43) for each attribute, some methods are degraded,

but our method shows improvement in all metrics consistently.

In particular, like the proposed method, B-SMOTE also considers data

boundary found using simple k nearest neighbors in the input space. However,

in general, the separability in feature space is crucial for the classification

problem rather than input space. The proposed method, differently from B-

SMOTE, utilizes the decision boundary in the feature space induced by the

trained classifier. Hence the proposed method effectively performs minority
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sample generation in the feature space. In addition, TripleGAN (HexaGAN)

has a three-player structure like the proposed model. However, the classifica-

tion performance was lower than that of ours, because the adversarial rela-

tionship between C and D.

3.4 Conclusions

To overcome the difficulty of imbalanced data learning, we proposed a novel

methodology based on a three-player game and decision boundary regulariza-

tion. First, we designed a three-player structure to improve imbalanced data

learning performance and analyzed the equilibrium point of the proposed util-

ity function. Second, we introduced a decision boundary regularization to ex-

pand the minority region determined by the trained classifier with samples

generated by the generator in our three-player structure. Third, we proposed

an alternating training scheme to effectively train the three-player structure, in

cooperation with the decision boundary regularization. The experiment illus-

trated that the proposed method outperforms the existing methods by yielding

abundant samples to expand the minority decision region, which is beneficial

in addressing imbalanced data learning problems.

Although the proposed method showed promising results, certain issues

remain. In this study, with a relatively simple form of cGAN, the proposed

method achieved a considerable performance improvement in imbalanced data

classification. As further work, the use of more precise generators and dis-

criminators is expected to yield higher performance for the imbalanced data

learning. Additionally, for the λ decay schedule, an exponential decay rule

was used where the decaying degree was empirically determined depending on

the datasets. For further improvement, a more elaborate design or adaptive

scheme for λ decay should be adopted, which would consider the imbalance

ratio and complexity of the target dataset.
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Appendix 1

The proof of the following Lemma 1 is equivalent to the proof1 of the original

GAN [19], here we briefly summarize the original proof by rewriting it. For

the details, refer to the reference in footnote. Here we add Theorem 1 for

the proof of the three-player game proposed in this paper.

Lemma 1. For any fixed G in Ug(D,G), the optimal discriminator D is given

by

D∗(x, y) = p(x, y)
p(x, y) + pg(x, y) . (3.11)

Proof. Given G, Ug(D,G) can be rewritten as

Ug(D,G) =
∫ ∫

p(x, y) logD(x, y)dydx (3.12)

+
∫ ∫

pg(x, y) log(1−D(x, y))dydx.

This function achieves the maximum at p(x,y)
p(x,y)+pg(x,y) . �

Theorem 1. For given D∗, the equilibrium of U(C,D,G) is achieved if and

only if

p(x, y) = pg(x, y) = pc(x, y) = pc(G(z|y), y). (3.13)

Proof. Given D∗, we can reformulate the minimax game with value function
1https://srome.github.io/An-Annotated-Proof-of-Generative-Adversarial-Networks-

with-Implementation-Notes/
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Ug(D,G) as

Ug(D,G) =
∫ ∫

p(x, y) log p(x, y)
p(x, y) + pg(x, y)dydx (3.14)

+
∫ ∫

pg(x, y) log pg(x, y)
p(x, y) + pg(x, y)dydx.

Following the proof in GAN, Ug(D,G) can be rewritten as

Ug(D,G) = − log 4 + 2JSD(p(x, y)||pg(x, y)), (3.15)

where JSD is the Jensen-Shannon divergence. In addition, according to the

definition of Kullback–Leibler(KL) divergence, Uc(C,G) can be rewritten as

Uc(C,G) = E(x,y)∼p(x,y) [− log pc(y|x)] (3.16)

+ E(x,y)∼pg(x,y) [− log pc(y|G(z|y))]

= DKL(p(x, y)||pc(x, y)) +Hp(y|x)

+DKL(pg(x, y)||pc(G(z|y), y)) +Hpg (y|G(z|y)). (3.17)

From (3.15) and (3.17), U(C,D,G) becomes

U(C,D,G) =Ug(D,G) + Uc(C,G) (3.18)

=2JSD(p(x, y)||pg(x, y)) +DKL(p(x, y)||pc(x, y))

+DKL(pg(x, y)||pc(G(z|y), y))

+
(
Hp(y|x) +Hpg (y|G(z|y))− log 4

)
. (3.19)

Since JSD(·) andDKL(·) are non-negative, their minimum values become zero

if and only if p(x, y) = pg(x, y), p(x, y) = pc(x, y), and pg(x, y) = pc(G(z|y), y).

Hence, the equilibrium of U(C,D,G) become p(x, y) = pg(x, y) = pc(x, y) =

pc(G(z|y), y). �
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Appendix 2

In this appendix, we provide the results for other binary combinations of CIFAR10. As we discussed in section 4.1.1, we chose

two very similar classes to make classification difficult. As shown in Table 3.3, the proposed method consistently outperforms

the existing methods on other combinations of CIFAR10.

Table 3.3: Test set performance of other CIFAR10 binary combinations.

Methods Cat vs. Dog Horse vs. Deer Airplane vs. Ship
AUPR AUROC F1 AUPR AUROC F1 AUPR AUROC F1

Classifier only 0.6214 0.6123 0.4690 0.8018 0.7864 0.5228 0.8487 0.8141 0.6029

Conventional
Data-level

SMOTE 0.6038 0.6064 0.5496 0.8114 0.8040 0.4826 0.8427 0.8215 0.5500
B-SMOTE 0.6010 0.6028 0.3419 0.8057 0.8050 0.4551 0.8615 0.8527 0.5741
ADASYN 0.5877 0.6078 0.3950 0.8526 0.8414 0.5586 0.8577 0.8409 0.6484

CC 0.6000 0.6087 0.5345 0.6376 0.6700 0.5815 0.6462 0.6159 0.4145
CNN 0.5544 0.5595 0.3665 0.7454 0.7462 0.5072 0.8255 0.8083 0.5085

SMOTEENN 0.6134 0.6122 0.5197 0.7943 0.8013 0.6263 0.8393 0.8354 0.7573

Loss-based
CRL 0.6847 0.6856 0.3344 0.8331 0.8371 0.4364 0.8447 0.8356 0.3454
Focal 0.6116 0.6292 0.3820 0.8161 0.8105 0.5234 0.7744 0.7809 0.6606
MPL 0.6217 0.6099 0.3506 0.7820 0.7738 0.3863 0.7848 0.7548 0.5318

GAN-based

cGAN 0.6707 0.6633 0.3333 0.7279 0.7188 0.3333 0.8068 0.7966 0.3833
BAGAN 0.8356 0.8146 0.6293 0.8159 0.8181 0.5269 0.8356 0.8146 0.6293

TripleGAN 0.6484 0.6380 0.3333 0.8462 0.8480 0.5645 0.8555 0.8465 0.5271
Proposed 0.8497 0.8327 0.6986 0.9005 0.8953 0.6041 0.8996 0.8965 0.6320
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Chapter 4

Application I: Dementia

Diagnosis Data Learning

4.1 Introduction

Neuropsychological assessments are essential for early diagnosing dementia

and monitoring progression of dementia in both clinical and research settings,

in advance of high-cost neuroimaging-based diagnosis such as magnetic reso-

nance imaging (MRI) and positron emission tomography (PET). However, the

abundant information of neuropsychological batteries other than their conven-

tional total and/or subscale scores are not optimally employed in diagnosing

and/or subclassifying dementia. [47, 48, 49, 50]. In our previous works, we

showed that a simple cognitive test such as a categorical verbal fluency test

would provide an accurate diagnostic reference of dementia if we employed

various response patterns in the test instead of its simple total score [51, 52].

In this regard, neuropsychological batteries that consist of multiple cognitive

tests for evaluating multiple cognitive domains may improve the diagnostic ac-

curacy of dementia considerably if we employ the response patterns of multiple

cognitive tests together instead of conventional total and/or subscale scores.

In this paper, to develop a practical data mining framework overcoming
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the issues raised in the previous works, we propose a deep learning based low-

cost and high-accuracy diagnostic framework of dementia with the response

profiles of the Korean Longitudinal Study on Cognitive Aging and Dementia

Neuropsychological Battery (KLOSCAD-N). The framework includes design

procedures on missing data imputation, input variable selection, and cascaded

classifier design for cost effective classification. First, in contrast to the previ-

ous works discarding the missing data samples which lead to information loss,

we introduce a missing data imputation procedure to increase the accuracy and

robustness in data analysis. Second, to maximize the diagnostic performance, a

deep neural networks (DNNs) architecture are designed and validated in com-

parison with the other well-known classifiers. Third, to prevent a degradation

of classification performance arising from the useless or redundant variables,

we suggest a procedure to check the existence of useless or redundant variables

and prune them. Fourth, we design a two-stage classifier to reduce time and

cost for diagnosis using KLOSCAD-N and MMSE.
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4.2 Background

Recently, data mining has shown remarkable performance in various fields

including the medical fields [53]. Data mining is an interdisciplinary field of

statistics, machine learning, visualization, database systems, and so on [54].

It focuses on discovering new meaningful information from a large dataset

and provides us the information as understandable structure [54]. Especially,

deep learning has recently emerged owing to big data and high-performance

computing power. The deep learning is capable of exploiting the unknown

structure from data to discover good representation. Thanks to this repre-

sentation learning, the deep learning has overcome previous limitations of

conventional approaches. Furthermore, the deep learning made great contribu-

tions to major advances in diverse fields including bioinformatics and medicine

[1, 55, 56, 57, 58, 59, 60]. As we discussed ahead, although a large number of

neuropsychological assessment data have been accumulated, hidden patterns

in the data are not fully analyzed yet. To analyze the neuropsychological as-

sessment data, the data mining using deep learning techniques can be utilized

as a suitable approach. Mani et al. [61] first applied the data mining approach

to neuropsychological assessment data, but simple classifiers were used to show

the possibility of data mining application to neuropsychological data. Leighty

[62] and Maroco et al. [63] provided the useful comparison on applications of

multiple machine learning classifiers to neuropsychological assessment data,

but these research studies did not consider variable redundancy, which may

cause the performance degradation arising from the curse of dimensionality.

Lemos [64] applied variable selection algorithms to overcome the curse of di-

mensionality, but the approach just removed the data with missing values,

which may lead to loss of information.
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4.3 Methods

Figure 4.1 depicts the overall scheme of the proposed diagnostic framework

which includes five steps: (1) acquisition of KLOSCAD-N response profiles,

(2) imputation of missing variables, (3) design of DNNs and validation by

comparing with other classifiers, (4) input variable selection based on mutual

information, and (5) design of two-stage classification scheme via the combina-

tion of MMSE and KLOSCAD-N. This study was approved by the institutional

review board of Seoul National University of Bundang Hospital. The details

of each step are provided in the following.

43



(b) Missing Data Imputation

- MinMax
- k-Nearest Neighbor
- Mulitiple Imputation
- Local Least Square

(c) Design and Validation of Classifier 

- Logistic Regression
- Deep Neural Networks
- Support Vector Machine
- Bagging
- Random Forest
- Adaboost

(e) Two-stage Classification

MMSE

1st Classification 

2nd Classification

KLOSCAD-N

Normal Dementia

Yes

No

No Yes

Start

(a) Data Acquisition

- Demograpihic Information
- MMSE
- KLOSCAD-N

(d) Input Variable Selection

based on Mutual Information 
 

Figure 4.1: Overall scheme of the diagnostic framework. The proposed diagnostic framework includes five steps.
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Table 4.1: Characteristics of the subjects.
Controls Dementia Statistics

CDR=0.5 CDR=1 For X2 post hoc‡

Number 2666 189 246
Age (years) 69.54± 6.52a 75.01± 7.23b 76.61± 7.43b 174.927∗∗∗ a < b

Sex (female, %) 53.2 56.6 65.4 20.138∗∗
Education (years) 9.57± 5.33a 8.40± 5.75b 6.61± 5.75c 30.520∗∗ a > b > c

∗∗∗p < .001, ∗∗p < .001, ‡Games-Howell post hoc comparisons

4.3.1 Subjects

We analyzed the KLOSCAD-N response profiles of 2,666 cognitively normal

elderly (CNE) individuals and 435 dementia patients. The CNE individuals

were the participants of the Korean Longitudinal Study on Cognitive Aging

and Dementia (KLOSCAD), which is a community-based longitudinal study

of cognitive aging and dementia of community-dwelling Korean elderly co-

hort [65]. The dementia patients were either participant of the KLOCSCAD

or visitors to the 14 dementia clinics that participated in the KLOSCAD.

All subjects were 60 years or older. We excluded subjects with major axis I

psychiatric disorders, such as major depressive disorder, and those who had

serious medical or neurological disorders that could affect cognitive functions.

The demographic and clinical characteristics of the subjects are summarized

in Table 4.1. The 20% of subjects were randomly chosen as a test dataset for

evaluating the proposed framework. The test dataset was not used in any of

training procedure. Using the remaining 80% of subjects as a train dataset,

we carried out five-fold cross-validation for training and model selection.

4.3.2 Diagnostic Assessments

Research neuropsychiatrists evaluated each subject using a standardized clini-

cal interview, physical and neurological examinations, and laboratory tests ac-

cording to the protocol of the Korean version of the Consortium to Establish a

Registry for Alzheimer’s Disease Assessment Packet (CERAD-K) [66] and the
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Mini International Neuropsychiatric Interview (MINI) version 5.0 [67]. When

dementia was suspected, brain computerized tomography (CT) or magnetic

resonance imaging (MRI) was also performed. The subjects diagnosed as hav-

ing dementia according to the criteria of the fourth edition of the Diagnostic

and Statistical Manual of Mental Disorders (DSM-IV) (American Psychiatric

Association 1994) were enrolled in the dementia group. The global severity of

dementia was determined according to the Clinical Dementia Rating (CDR)

[68].

4.3.3 Neuropsychological Assessments

Trained research neuropsychologists who were blind to the diagnosis of the

subjects administered the KLOSCAD-N to each subject. The KLOSCAD-

N consists of the Korean version of the Consortium to Establish a Registry

for Alzheimer’s Disease Assessment Neuropsychological Battery (CERAD-N)

[69, 66], Digit Span Test (DST) [70], Frontal Assessment Battery (FAB) [71],

and Executive Clock Drawing (CLOX) [72]. The CERAD-N consists of nine

neuropsychological tests: Categorical Verbal Fluency Test (CVFT), 15-item

Boston Naming Test (BNT15), MMSE, Word List Memory Test (WLMT),

Constructional Praxis Test (CPT), Word List Recall Test (WLRT), Word

List Recognition Test (WLRCT), Constructional Recall Test (CRT), and Trail

Making Test A and B (TMT-A and TMT-B). Conventionally, test scores of the

nine neuropsychological tests were used to ascertain the presence of cognitive

impairment objectively in diagnosing dementia and monitor the progress of

cognitive impairment objectively with advancing dementia.

4.3.4 Missing Data Imputation

Inputs with missing values is unable to apply most of supervised machine

learning models including deep learning. On the other hand, since the missing

values often appear in neuropsychological tests, it is necessary to make up the
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missing values in order to apply the model to the subjects having the missing

values. Among the 3,101 samples of KLOSCAD-N response profiles, 75 have at

least one missing value. Samples with one or two missing values are most fre-

quent. CLOX1 and CLOX2 scores have the most frequent missing values. We

have implemented four imputation methods: minimum-maximum (MinMax)

imputation, k-nearest-neighbor (kNN) imputation [73], multiple imputations

(MI) (Schafer 1999), and local least squares (LLS) imputation [74].

First, the MinMax imputation method is based on the assumption that the

missing is caused by the subject’s deficiency. The missing values are imputed

according to the correlation between variables and labels. If the correlation

is positive (or negative), the missing value is imputed with the maximum

(or minimum) value of the variable. Second, the kNN imputation method at-

tributes the missing values using the information of other subjects with a

similar pattern in that sense of the nearest neighbor. After finding k num-

ber of neighbors, the imputation value is computed by averaging the values

of those neighbors. In this study, Euclidean distance is used, and k is set to

5 empirically via experiments. Third, the MI method provided by the SPSS

software is the most popular method in statistics, which has been developed to

solve a single imputation’s underestimating problem. The missing values are

replaced by averaging a number of complete datasets which are estimated by

the Monte Carlo technique. Each estimated complete dataset is imputed by

linear regression. Lastly, the LLS imputation method shows the best perfor-

mance for the missing value estimation on microarray data [75]. After finding

the top k number of relevant genes (variables) using Pearson correlation, the

target gene and its missing value are obtained by a linear combination of those

relevant genes through solving a least squares problem.

Each method is evaluated in two ways: direct evaluation via error com-

putation and indirect evaluation via classification performance. The direct

evaluation is to compute an error between the original value and the imputed
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Figure 4.2: Architecture of proposed deep neural networks for KLOSCAD-N
assessment and demographic information.

value. After we randomly generate artificial missing data from the complete

data by considering the missing ratio in each variable, four kinds of imputation

values for the artificial missing data are obtained through the four methods,

respectively. The error between the original value and the estimated values

is computed by matrix Euclidean norm. The indirect evaluation is to check

a classification performance on imputed samples using the classifier trained

with the complete data. By utilizing the four kinds of imputed samples gen-

erated by the four methods, respectively, we check which method shows the

best classification performance by various classifiers.

4.3.5 Constructing Deep Learning Classifiers

Artificial neural network (ANN) is a computation model inspired by the bi-

ological brain. The hidden layer of ANN takes a role of feature extraction

from input or lower hidden layer information. The responses in the hidden

layer represent features extracted via a linear transformation of inputs and a

nonlinear activation function. The DNN is a kind of ANN with deep hidden

layers between the input and output layers. The deep layers composite the fea-

tures from lower layers hierarchically, and learn complex data by associative

memorizing through connection weights [76].

To construct a promising diagnosis framework, we design the DNNs for

MMSE and KLOSCAD-N respectively. Since MMSE is composed of only five
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dimensions (four demographic variables and one MMSE total-score), the fully-

connected network (FCN) is enough to cover this simple classification problem.

For KLOSCAD-N, we construct a two-dimensional convolutional neural net-

work (2D-CNN) to achieve the best performance. As shown in Figure 4.2, we

cascade a fully-connected layer following the convolutional layers. Also skip

connection [77] is utilized to explicitly feed low level features to the output

layers. In addition, we reshape the input into 2D image-like form with the

Hilbert space-filing curve [78] which has been successfully used for DNA se-

quence classification with CNN [79]. Hilbert curve, which is shown in Figure

4.2, give a mapping 1D to 2D space that fairly well preserves locality. Since

our data is a sequence of assessments followed by demographic information,

continuity and clustering property of Hilbert curve would be appropriate for

our data characteristics. To prevent an over-fitting, dropout [80], batch nor-

malization [81] and early stop training technique is applied.

In this study, the ratio of the negative label samples to the positive label

samples is approximately 9 : 1 because the positive samples indicating the

subjects of dementia are relatively rare compared to the negative samples

indicating normal subjects. To solve this problem, the cost-sensitive loss is

defined as (4.1) by multiplying a weight with the positive target.

lc(yi, ŷi) = −wcyi log ŷi − (1− yi) log(1− ŷi), (4.1)

where yi is target value, ŷi is predicted value, and wc is set for balancing as:

wc = (# of positive)/(# of negative). Cost-sensitivity loss has the advantage

to learn of minority data without additional computation. However, if there

is no limit on the amount of computation, the other methodologies including

the methodology proposed in Chapter 3 can be tried for the enhancement of

performance. The trial will be conducted in the experiments.

To achieve the optimal architecture, we empirically evaluate the model

with all combination of hyper-parameters as follows: the number of convolution
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layer: [1, 4], the number of filters: 32, 64, 128, kernel size: [2, 4], the number of

fully connected layer: [1, 4], and the number of hidden unit: 32, 64, 128.

In addition, empirical evaluations are conducted for other architectures of

DNNs such as 1D-CNN, fully-connected networks (FCN). Also, we compare

with the transfer learning by adopting a pre-trained model (NasNet [82]) since

NasNet is capable to handle low dimensional inputs unlike other networks

for imagnet. Also, we compare our classifier with six well-known classifiers:

XGBoost [83], Adaboost [84], Random Forest [85], Bagging [86], SVM [87], and

Logistic Regression [88]. Hyper-parameters are empirically established through

greedy search. Each algorithm is implemented by calling the java object of

libSVM [89] and Weka [90] in MATLAB. To evaluate the generalization of

each classifier, a five-fold cross validation on train dataset is applied. The area

under curve (AUC) is used as the main evaluation metric.

4.3.6 Input Variable Selection

Since useless or redundant variables cause a degradation of classification per-

formance due to a curse of dimensionality, it is necessary to check the existence

of useless or redundant variables among KLOSCAD-N. Furthermore, by elim-

inating the redundant variables, the assessment time and monetary costs can

be reduced. If there is a hierarchical property between variables, it is difficult

to independently remove each variable. In this study, we thus do not consider

subtotal variables that belong to the upper part of the hierarchical structure

but use only the scores of the lowest-level variables. The relationships (or hi-

erarchical properties) among the selected variables are then analyzed through

the 2D-CNN.

For this purpose, we adopt the feature selection toolbox (FEAST) [91]

which provides a computation toolbox of mutual information and other in-

formation theoretic functions. FEAST calculates the ranking of all variables

by their contribution of information. In our work, we utilize eight functions
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in FEAST: MIM, MRMR, CMIM, JMI, DISR, CIFE, ICAP, and CONDRED

(see [91], the paper of FEAST toolbox, for details of each function). The

ranking information of the eight functions is combined to determine the final

ranking of each variable in an ensemble manner. For each variable, the eight

ranking scores are averaged. The averaged ranking score is used to determine

the ranking order of each variable.

Let Si, i = 1, ...,m be the variable set containing i number of variables

in ranking order. For example, S1 only includes the highest ranked variable,

and S5 includes the variables from the first rank to the fifth rank. Then the

classification performance is evaluated for each set Si, and the set with the

maximum performance is denoted by Smax. DeLong’s test [92] is a statistical

nonparametric approach to check whether two area under curve (AUC) values

are having significant different. If the p-value from the test is less than 0.05, this

indicates that the two sets show significant differences in AUC performance.

Conversely, if the p-value is greater than 0.05, it can be judged that there is no

significant loss of AUC performance between the two sets. Since the goal is to

select the set with the lowest number of variables without loss of performance,

we finally choose the set with the smallest number of variables from Si with

p-value over 0.05.

4.3.7 Two-stage Classification

MMSE is the most popular screening test for dementia [65, 66, 93, 94]. MMSE

is advantageous at low cost, but it is known to be less accurate than high-

cost batteries such as KLOSCAD-N. Therefore, we propose a novel frame-

work that combines the advantages of MMSE and KLOSCAD-N. In the first

stage, MMSE is applied as a coarse screening test, and in the second stage,

the KLOSCAD-N is administered for a fine diagnosis. If the candidate for

KLOSCAD-N can be reduced through the first stage (MMSE) in advance

without loss of diagnostic performance, a low-cost and high-performance di-
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agnostic framework could be established.

The brief block diagram of the two-stage classification framework is shown

in Figure 4.1-(d). The suggested framework has been established using the

DNNs which showed the best performance among the other classifier on each

test in the classifier comparison step. The MMSE total-score and demographic

information are utilized to decide the further execution of the second stage,

KLOSCAD-N, or not. By changing the threshold on the first-stage decision

score to pass the subjects to the second-stage, we compute the cost and ac-

curacy of the two-stage classification framework with test dataset. The cost is

defined as

cost = nall × cM + n2 × cK , (4.2)

where cM and cK is the cost per single subject of MMSE and KLOSCAD-N

respectively, nall is the number of all subjects, and n2 is the number of subjects

who need the second-stage. Based on Korean insurance fees, the cost of each

assessment per subject is approximately 10 USD and 180 USD for MMSE and

KLOSCAD-N, respectively. We determine the best threshold on the decision

score which shows the lowest cost while the performance does not show loss

of classification performance.

52



Table 4.2: Classification performances on the imputed dataset indicated by
the area under the receiver operator curve (AUC).

Proposed
DNNs XGBoost Logistic

Regression
Random
Forest Adaboost Bagging

Support
Vector
Machine

MinMax 0.9489 0.9506 0.9083 0.9405 0.9149 0.9334 0.8898
kNN 0.9603 0.9541 0.9356 0.9466 0.9444 0.9559 0.9321
MI 0.9586 0.9524 0.9312 0.9211 0.9184 0.9418 0.9347
LLS 0.9594 0.9471 0.9295 0.9343 0.9109 0.9339 0.9383

MinMax: minimum-maximum imputation, kNN: k nearest neighbor imputation, MI: mul-
tiple imputation, LLS: local least square imputation

4.4 Results

4.4.1 Missing Data Imputation

As suggested in the method section, the four imputation methods were eval-

uated via two ways, and the best imputation method was chosen. The first

evaluation result (Euclidian norm) which gives the error between the original

value and the imputed value was 1438.5621 for MinMax, 196.2499 for kNN,

255.7012 for MI, and 245.9988 for LLS. kNN had the smallest Euclidean error,

whereas MinMax had the largest error. In consequence, kNN was evaluated

to reconstruct the missing variable with the most similar value to the original

one. Table 4.2 shows the result of the second evaluation approach, where the

validity of imputed data had been evaluated by the classification performance

tested via six classifiers trained with the complete data. Every classifier, ex-

cept SVM, showed the best performance on kNN-based imputed data, whereas

SVM showed the best performance on LLS. According to the result, kNN im-

putation method is chosen as the best one for the completion of missing values

in KLOSCAD-N.
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Table 4.3: Classification performances of various deep neural network architec-
tures on Mini Mental Status Exam (MMSE) and Korean Longitudinal Study
on Cognitive Aging and Dementia Neuropsychological Battery (KLOSCAD-N)
indicated by the area under the receiver operator curve (AUC) via five-cross
validation on train dataset.

2D-CNN 2D-CNN
Naïve

2D-CNN
w/o SC 1D-CNN 1D-CNN

w/o SC FCN FCN
w/o SC NasNet

MMSE mean - - - - - 0.9702 0.9583 -
std - - - - - 0.0144 0.0139 -

KLOSCAD-N mean 0.9863 0.9850 0.9782 0.9848 0.9805 0.9830 0.9771 0.9813
std 0.0048 0.0058 0.0057 0.0053 0.0042 0.0060 0.0070 0.0046

∗Since MMSE is composed with only five dimensions (four demographic variables and one MMSE total-score,
the other architectures are not applicable except FCN.

4.4.2 Classifier Validation

As we mentioned in the method section, hyper-parameters for every candidate

model were searched via greedy search. The best FCN for MMSE is composed

of one layer with 128 number of hidden units. The best 2D-CNN model for

KLOSCAD-N is composed with two convolutional layers which contains 128

and 32 number of filters respectively with kernel size of 2, and two fully con-

nected layers with 64 hidden units. Skip connection leads to a performance

improvement over all structures. For 2D-CNN, our input reshaping method

with Hilbert curve achieves higher performance than naïve reshaping method

that simply stacks a sliced 1D input to form of 2D matrix (see the second

column in Table 4.3).

Transfer learning with weights pretrained from imagenet (NasNet) has

shown AUC value of 0.9813, which is smaller than those of the other networks

trained with random initialization. This implies the pretrained information

from imagenet datasets is not helpful to solve our problem. Table 4.3 shows

the classification performance of various deep learning architectures from five-

fold cross validation. For MMSE, the designed FCN in our work has AUC

value of 0.9702. For KLOSCAD-N, the proposed architecture for 2D-CNN

shows the best performance (AUC value of 0.9863) among all the candidate

architectures.

54



Table 4.4: Comparative analysis with other conventional classifiers indicated
by the area under the receiver operator curve (AUC) via five-cross validation
on train dataset.

Proposed
DNNs XGBoost AdaBoost Random

Forest Bagging
Support
Vector
Machine

Logistic
Regression

MMSE mean 0.9702 0.9605 0.9573 0.9581 0.9631 0.9627 0.9642
std 0.0144 0.0144 0.0171 0.0192 0.0169 0.0196 0.0171

KLOSCAD-N mean 0.9863 0.9850 0.9774 0.9762 0.9724 0.9744 0.9807
std 0.0048 0.0065 0.0107 0.0079 0.0069 0.0093 0.0080

Table 4.4 shows the classification performance of other type of classifiers.

For both MMSE and KLOSCAD-N, the proposed DNNs show the best per-

formance. It is known that the DNNs show inherently a good generalization

capability, even its large number of parameters when trained with the sufficient

number of train data samples. As a result, our dataset is enough to achieve

reasonable performance for the both assessments using the designed DNNs.

Table 4.6 shows the comparative efficiency of the proposed two-stage clas-

sification in view of various metrics including the cost. As shown in the fourth

and fifth columns, the existing works for KLOSCAD-N [51] and MMSE [52]

do not show good performance relatively because they rely on the simple to-

tal score of KLOSCAD-N or MMSE. As shown in the first and third columns

DNNs improves the accuracy with 2.90% for MMSE and 6.61% for KLOSCAD-

N compared to the existing methods because it can utilize the hidden patterns

of input variables (demographic information, subscale scores, and so on). As

shown in the second column, the proposed two-stage classification framework

shows the best efficiency through all evaluation metrics with a reasonable cost

(Details are discussed in the following section on two stage classification).
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Figure 4.3: Trends of the area under the receiver operator curve (AUC) as a
function of the number of variables included in order from the highest ranging
variable.

4.4.3 Input Variable Selection

The final rankings of 92 input variables were yielded through the ensemble of

eight methods for feature selection provided in FEAST. The performances on

the input variable sets, Si, i = 1, ..., 92, are shown in Figure 4.3. As shown in

Figure 4.3, the performance increases as the variables are added one by one in

order from the highest-ranking variable, but the degree of increase lessens after

30 variables and becomes saturated after 43 variables. The best performance

was achieved with 92 variables which are depicted as red boxplot in Figure

4.3. Among Si, we removed the variable set (gray boxplot) that showed a

significant difference (p < 0.05 on DeLong’s test) with the best-performed

variable set Smax (red boxplot). Among the remaining candidate variable set

(blue boxplot and red boxplot), we chose the final variable set which contains

the least number of variables. As a result, we could reduce the number of

variables 92 to 43. The final variable set and variable ranking information is

described in Table 4.5.
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Table 4.5: Top 40 variables selected for classifying dementia from normal con-
trols
Ranking Variable description

1 Time to complete the Trail Making Test A
2 Retention index of Constructional Recall Test1
3 Age
4 Response bias index of the Word List Recognition Test2
5 Recency index of the Word List Memory Test3
6 Executive Clock Drawing Test (CLOX) 1 score
7 Consistency index of the Word List Memory Test4
8 Correct responses at the second quarter (15-30 seconds) in the Verbal Fluency Test
9 The number of repetitive recalls in trial 3 of the Word List Memory Test
10 Geriatric Depression Scale score
11 Cube recall score of the Constructional Recall Test
12 Clustering index of Verbal Fluency Test
13 Correct responses in the middle-frequency objects of the 15-item Boston Naming Test without cues
14 The number of correct recall in trial 2 of the Word List Memory Test
15 Digit Span Test Forward score
16 Years of education
17 Perceptual error index in the low-frequency objects of the 15-item Boston Naming Test
18 Ineffective switch index of the Verbal Fluency Test
19 Retention index of the Word List Recall Test5
20 Consistency index of the Word List Recall Test6
21 Primacy index of the Word List Memory Test7
22 Word List Recall Test score
23 Switch index of the Verbal Fluency Test8
24 The number of correct recall in trial 1 of the Word List Memory Test
25 Forward span of the Digit Span Test
26 Word List Recognition Test total score
27 Correct responses in the low-frequency objects of the 15-item Boston Naming Test with phonemic cues
28 Learning curve of the Word List Memory Test6
29 Digit Span Test Backward score
30 Correct responses at the last quarter (45-60 seconds) in the Verbal Fluency Test
31 Constructional Recognition Test score
32 Go-No-Go score of the Frontal Assessment Battery
33 The umber of correct recall in trial 3 of the Word List Memory Test
34 Correct responses in the high-frequency objects of the 15-item Boston Naming Test without cues
35 Correct responses at the first quarter (0-15 seconds) in the Verbal Fluency Test
36 ‘Do not know’ responses in the low-frequency objects of the 15-item Boston Naming Test
37 The number of intrusion errors in the Word List Recall Test
38 Intersecting rectangles recall score of the Constructional Recall Test
39 Recency index in trial 1 of the Word List Memory Test
40 Correct responses at the third quarter (30-45 seconds) in the Verbal Fluency Test
41 Backward span of the Digit Span Test
42 Diamond recall score of the Constructional Recall Test
43 Cube score of the Constructional Praxis Test

1(Constructional recall test score/constructional praxis test)×100
2(False positive score−false negative score)/(false positive score+false negative score)
3(The number of recalled words among the last 3 words of the Word List Memory Test/Word List Memory Test
score)×100
4The sum of the numbers of words consistently recalled in between trial 1, trial 2 and trial 3 of the Word List
Memory Test
5(Word List Recall Test total score/trial 3 score of Word List Memory Test)×100
6(The number of words consistently recalled in the Word List Recall Test among the recalled words in trial 3 of
the Word List Memory Test / the numbers of words recalled in trial 3 of the Word List Memory Test)×100
7(The number of recalled words among the first 3 words of the Word List Memory Test/Word List Memory Test
score)×100
8The number of switches between clusters during Verbal Fluency Test
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Table 4.6: Comparative results of two-stage classification on test dataset
KLOSCAD-N
w/ DNNs

Proposed
Two-stage

Classification

MMSE
w/ DNNs

KLOSCAD-N
w/o DNNs

MMSE
w/o DNNs

Accuracy (%) 92.74 92.90 87.74 86.13 84.84
AUC 0.9790 -∗ 0.9383 0.9349 0.9143
F1 Score 0.7805 0.7800 0.6667 0.6356 0.6179
Sensitivity 0.9287 0.9343 0.8780 0.8621 0.8736
Specificity 0.9195 0.8966 0.8736 0.8612 0.8443
Likelihood Ratio Plus 11.5425 9.0319 6.9446 6.2092 5.6097
Likelihood Ratio Minus 0.0775 0.0732 0.1396 0.1602 0.1498
Positive Predictive Value 0.5673 0.5064 0.4410 0.4136 0.3892
Negative Predictive Value 0.9913 0.9917 0.9844 0.9821 0.9833
Pre Test Odd 0.1136 0.1136 0.1136 0.1136 0.1136
Post Test Odd 1.3111 1.0259 0.7888 0.7053 0.6372
Post Test Probability 0.5673 0.5064 0.4410 0.4136 0.3892
Cost† $111,600 $40,030 $6,200 $111,600 $6,200
∗Since each stage provides their own probability, single AUC value cannot be calculated.
†Total cost for test dataset including 620 subjects

4.4.4 Two-stage Classifications

Accordingly, at two-stage classification, performance and cost were evaluated

by changing the threshold of the first stage classification on MMSE to pass

subjects to the second stage (KLOSCAD-N). The results are shown in Figure

4.4. Figure 4.4-(a) shows a value of sensitivity and specificity as a function of

threshold on the first classification. It is noted that the two curves meet at

the threshold of 0.075, and the point is referred to as equal error rate (EER).

Figure 4.4-(b) shows the trends of performance and cost in the threshold range

[0, 0.075]. As shown in Figure 4.4-(b), the higher threshold (fewer subjects

take KLOSCAD-N) leads to the less performance and cost. On certain the

threshold, f1 scores are smaller than that of when the threshold is zero. In

conclusion, at threshold equal to 0.0362, the proposed framework saves as

much as cost without loss of performance. The second column in Table 4.6 is

the final performance of the proposed two-stage classification. As a result of

the proposed combination of MMSE and KLOSCAD-N, the cost is reduced

by 64.13% without loss of accuracy compared to the case that every subject

takes KLOSCAD-N (the first column in Table 4.6).
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Figure 4.4: Two-stage classification performance trends as function of a sweep-
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Figure 4.5: The distribution of the MMSE scores of the test set subjects re-
quiring only first-stage and those requiring two-stages. The two distributions
are roughly divided around 25 points, but can not be clearly distinguished
only by the MMSE score.

Figure 4.5 is the histogram distribution of the MMSE scores of the test

dataset subjects. Subjects that require only first-stage are represented by

hatched bars and are represented by shaded bars that require a second-stage.

Two groups are roughly divided by point 26, but there are still overlapping

parts. The existence of overlapping means that the MMSE score alone cannot

make a clear diagnosis. In other words, in order to judge whether or not to

take the second-stage more clearly, it is necessary to use the designed DNNs.
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Table 4.7: Comparison of various imbalanced learning techniques on dementia
diagnose

5-fold Cross Validation
Model AUPR AUROC F1 Sensitivity Specificity

Classifier Only 0.9413 0.9840 0.8677 0.8448 0.9831

Cost-sensitive Loss 0.9433 0.9843 0.8354 0.9368 0.9498
SMOTE 0.9320 0.9803 0.4713 0.9885 0.6250

Borderline SMOTE 0.9122 0.9741 0.5090 0.9828 0.6812
ADASYN 0.9159 0.9756 0.3699 0.9943 0.4253

Cluster Centroids 0.9059 0.9712 0.8389 0.8393 0.9733
Condensed Nearest Neighbor 0.9350 0.9819 0.8366 0.9224 0.9536

SMOTE ENN 0.9314 0.9809 0.4976 0.9885 0.6610

Proposed in Chapter 3 0.9482 0.9846 0.8780 0.8766 0.9803

Test Set
Model AUPR AUROC F1 Sensitivity Specificity

Classifier Only 0.9260 0.9741 0.8449 0.8138 0.9816

Cost-sensitive Loss 0.9235 0.9734 0.7936 0.9126 0.9366
SMOTE 0.9183 0.9712 0.4515 0.9770 0.6011

Borderline SMOTE 0.9083 0.9679 0.4910 0.9724 0.6642
ADASYN 0.9045 0.9661 0.3637 0.9885 0.4199

Cluster Centroids 0.8830 0.9643 0.8050 0.7885 0.9722
Condensed Nearest Neighbor 0.9099 0.9702 0.8063 0.8851 0.9490

SMOTE ENN 0.9049 0.9694 0.4847 0.9770 0.6514

Proposed in Chapter 3 0.9330 0.9761 0.8591 0.8414 0.9809

4.4.5 Imbalanced Data Classifications

Table 4.7 shows the results of applying various imbalanced learning techniques

to dementia diagnosis. When applying the classifier only, it is possible to con-

firm the imbalanced learning tendency is biased since the sensitivity value is

much lower than the specificity value. As a result of applying the cost-sensitive

loss, the sensitivity value is increased with the slight decrease of specificity

value, which means that learning is more balanced than classifier without

cost-sensitive loss. Data-level techniques increase the sensitivity but reduce

the specificity largely. As a result, the AUPR, AUROC, and F1 value was

adversely affected. This implies that the generated data by the conventional

data-level techniques are not enough to represent the actual data distribution.

However, the methodology proposed in Chapter 3 achieves the highest records

in AURP, AUROC, and F1 which represent the performance in consideration

of both classes, whereas the sensitivity is improved without loss of specificity.
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4.5 Discussion

Comprehensive neuropsychological assessments, in spite of their variety and

abundance of information, have not been optimally employed for diagnosing

and/or subclassifying dementia by their conventional total and/or subscale

scores. In the current study, we developed a low-cost high-accuracy diagnostic

framework for diagnosing dementia using a comprehensive neuropsychological

battery that includes MMSE. The proposed framework proceeds through four

steps: missing data imputation, classifier validation, input variable selection,

and two-stage classifications.

Although neuropsychological batteries can provide useful diagnostic infor-

mation (such as reaction patterns and inter-correlations among them), only

overall performance (such as total scores or subscale scores) has been quanti-

fied so far in both clinical and research settings. Even if we simultaneously used

data from multiple cognitive tests, we could not have improved the diagnostic

accuracy for dementia if we had used only the overall performance of each test.

For example, Seo et al. [48] proposed the total score of CERAD-N (CERAD-

TS), which was a simple sum of multiple cognitive test scores included in the

CERAD-N. However, the diagnostic accuracy of the CERAD-TS for dementia

was only approximately 3% higher than that of MMSE in a given population.

In our previous work, we showed that the reaction patterns of cognitive

tests may provide better performance in diagnostic dementia than simple total

scores of the tests [51, 52]. For example, patients with Alzheimer’s showed im-

paired knowledge-based semantic associations compared with the cognitively

normal elderlies who had the same overall performance in the categorical ver-

bal fluency test as the Alzheimer’s disease patients [51]. In addition, we showed

that we could improve the diagnostic accuracy for dementia of categorical ver-

bal fluency tests by approximately 10% if we used reaction patterns in the test

instead of the total score of the test [52].

Therefore, we may improve the diagnostic accuracy for dementia if we can
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use the hidden patterns of responses in the multiple cognitive tests included

in neuropsychological batteries simultaneously. Data mining approaches have

shown remarkable performance in discovering new meaningful information

from large datasets and summarizing the information in understandable struc-

ture [54]. As we discussed earlier, although a large amount of neuropsycholog-

ical assessment data has been accumulated, hidden patterns in the data have

not been fully analyzed yet. The proposed framework achieved better improve-

ments in diagnostic performance than the CERAD-TS [48] as shown in the

fourth column in Table 4.6. The improvement compared with CERAD-TS was

+6.61% for accuracy, 0.044 for AUC, and +0.14 for f1 score.

There were some studies to improve screening accuracy for dementia with

MMSE by supplementing other brief cognitive test scores [95] or informant

questionnaires [96]. However, it has never been studied whether and how much

the supplementation of comprehensive neuropsychological batteries can im-

prove diagnostic accuracy for dementia. To the best of our knowledge, our

methodology is the first approach that cascades the screening test (MMSE)

and the neuropsychological battery (CLOSCAD-N) for diagnosing dementia.

The proposed framework is effective in three aspects. First, by the pro-

posed two-stage classification approach, 71,570 USD (64.13%) of the cost for

620 subjects was evaluated to be saved without loss of classification perfor-

mance. Second, through the variable selection step, it was confirmed that only

a small number of KLOSCAD-N variables with 2D-CNN achieved higher per-

formance than the full number of variables. This implies that it is possible to

develop more compact assessments with saving time and monetary cost. Third,

the proposed framework will be implemented and distributed as a form of soft-

ware. Non-expert will also be able to obtain additional information about the

diagnosis of dementia in addition to the total score by entering the results

of the neuropsychological tests into the software. It is expected that the so-

cial cost for the overall diagnosis of dementia can be reduced by increasing
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the usefulness of clinical neuropsychological tests and the possibility of early

diagnosis of dementia.

Regarding the limitation of our framework, the diagnosis only focuses on a

binary classification problem (normal versus dementia). As for future works,

the proposed framework can be extended to a multi-class classification prob-

lem such as dementia progress classification (normal versus mild cognition

impairment verses dementia) or dementia type classification (Alzheimer’s dis-

ease versus vascular dementia versus dementia with Lewy bodies, and so on).

However, neuropsychological assessments alone may not be enough to diag-

nose specific dementia types. In fact, to diagnose the specific dementia types,

neuroimaging techniques (MRI and PET) and genetic analysis are performed.

Cascading these advanced tests as the next stage of the proposed two-stage

classification will further enhance the advantages that we have gained in this

study. Another limitation of this study is that the proposed framework cannot

explain the hidden patterns learned by DNNs because of the black-box prop-

erty of deep learning. However, the field of explainable artificial intelligence

is being actively studied for visualizing these hidden patterns in nowadays

[97]. For the future work, it will be possible to specify meaningful patterns to

clinicians through explainable artificial intelligence methodology.
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Chapter 5

Application II: Drowsiness

EEG Data Learning

5.1 Introduction

A sufficient amount and good-quality sleep are directly related to cognitive

function. Surprisingly, however, over 30% of adults are chronically sleep-deprived,

sleeping less than seven hours [98, 99, 100, 101, 102]. They commonly suf-

fer from major sleep disorders such as insomnia or sleep apnea, which usu-

ally results in extreme daytime drowsiness[101, 103, 104]. The extreme day-

time drowsiness is associated with lowered attention, which causing consider-

able socioeconomic burden to the community[105, 106, 107]. It hinders work

productivity[108], lowers academic achievements[109, 110], and increases the

risks of traffic or workplace accidents[111, 112]. Therefore, a virtuous cycle

system that can monitor drowsiness or attention and provide proper feedback

is of vital importance both for improving work efficiency and for the safety of

our society.

We can categorize previous drowsiness detection approaches into two types,

i.e., task performance and biosignal-based methods. One representative exam-

ple of the task performance-based method is vehicle motion (VM) monitor-
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ing [113, 114, 115, 116]. However, its usage is restricted to a driving con-

dition only. Another representative method is psychomotor vigilance task

(PVT)[117, 118, 119, 120], where subjects are asked to respond to certain

stimuli (visual or audio) as fast as possible. However, the limitation of PVT

is that the subject must stop their ongoing task. Electrooculography (EOG)

monitoring [116, 121, 122, 123, 124, 125] is one of the biosignal-based methods.

It tracks eye movements or blinking patterns (e.g. frequency and speed) to de-

tect drowsiness using a video camera or an infrared device. The limitation of

the EOG-based approaches is that they only capture secondary eye responses

caused by the homeostatic or circadian sleep drive in the central nervous sys-

tem. Inevitably they have a low temporal resolution, and are influenced by

environmental factors such as wind, temperature, and humidity.

Current algorithms for drowsiness detection are mostly based on elec-

troencephalography (EEG) monitoring. These studies measure electrical ac-

tivities of the brain associated with drowsiness, extract meaningful features

from EEG, and use a classifier to distinguish various states of one’s alertness

and drowsiness[126, 127, 128]. Some previous works have adopted machine

learning-based classifiers and have shown promising classification results[129,

130, 131, 132, 133, 134, 135, 136, 137, 138, 139, 140]. However, they mainly

focused on classifying long-term states such as conditions before or after driv-

ing, and they fail to capture more instantaneous drowsiness (i.e. lapse) which

may cause severe accidents.

In this work, to address the limitations of previous works, we propose a

novel framework to detect instantaneous drowsiness using a short time segment

(∼ 2 seconds) of EEG. The main contributions of this paper, as an extension

of our previous work [141], are as follows:

• We define a novel phenotype labeling method for instantaneous drowsi-

ness by combining the advantages of PVT (as a standard reference) and

EOG monitoring (as a task-independent measurement).
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• We propose a novel framework outperforming the previous approaches

by adopting multitaper power spectral density (MPSD) for EEG feature

extraction and extreme gradient boosting (XGBoost) as a classifier.

• We identify key frequency bands and channels for drowsiness detection.

• We demonstrate that using only seven channels (Fp1, Fp1, T3, T4, O1,

O2, and ECG) can provide comparable performance to using the original

twenty with less than 2% accuracy degradation.

• We verify the applicability of the proposed framework for a mobile en-

vironment by using a wireless EEG with dry-sensors as well as a wired

EEG with wet-sensors.
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5.2 Background

5.2.1 Task Performance-based Drowsiness Detection Methods

The VM monitoring module [113, 114, 115, 116], and the PVT [117, 118, 119]

determine the drowsiness level by measuring task performance. The VM mon-

itoring modules receives input from driving directions and from changes in

lane-keeping. It is vulnerable to weather, road condition, and vehicle type.

The PVT is a well-established measure of alertness or sustained attention. For

the standard ten-minutes PVT, the subjects are required to click a button

with the dominant hand’s thumb as soon as possible when the visual signals

are presented in random intervals (2–10 seconds) [117, 120]. Response time

is a validated indicator of the alertness level. The PVT can measure changes

in alertness caused by sleep disorders and deprivation [117, 118, 119, 120].

Sleep deprivation leads to a fluctuation in sustained attention because of the

interaction of involuntary sleep-initiating and counteracting wake-maintaining

systems, thus resulting in lapses (errors of omission to respond for given stim-

uli). However, to complete the given task, subjects need to interrupt the on-

going task, thus hindering the work-continuity. In this study, the PC-PVT

platform (Biotechnology High Performance Computing Software Applications

Institute, http://bhsai.org/software/pcpvt, MD, USA) is adopted [142]

(Section 5.3.3). Both PC-PVT and standard PVT have the same functional-

ity. PC-PVT uses a personal computer, whereas PVT uses a specific hardware.

The PC-PVT data are used to label drowsiness for EEG segments. The labeled

data are then utilized to train the supervised classification-based drowsiness

detection model.

5.2.2 EOG-based Drowsiness Detection Methods

EOG-based drowsiness detection uses a video camera to analyze eye movement

markers such as speed, frequency, blinking, and winding. Daytime drowsiness
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is closely associated with several ocular parameters (e.g, slow movements, in-

creased closure time, and increased blinking frequency) [116, 121, 123, 124,

125]. R100 (Phasya, Belgium) is a recently developed EOG-based method

[143]. The R100 exploits glasses equipped with a high-speed camera to sense

eye and eyelid movements. It can continuously monitor the level of drowsi-

ness with minimal or no disruption of the ongoing task, and provide a task-

independent measure of drowsiness. In this study, we use the R100 device to

acquire a long length of drowsiness information. The obtained information is

used to define the drowsiness state label discussed in Section 5.3.3.

5.2.3 EEG-based Drowsiness Detection Methods

EEG changes are closely related to alertness fluctuations. Regarding drowsi-

ness, Putilov et al. [144] reported that when the subjects’ eyes are open, the

power of the alpha and theta bands increase, and with eye closure only the

theta band power increases. Alloway et al. [145] reported that the alpha band

power increases when the eyes are open but decreases when they close.

In the previous studies, the drowsiness label was variously defined. The

methods for labeling can be categorized into three types. The first category

is a questionnaire-based method such as the Epworth [146] and Karolinska

sleepiness scale [144]. A simple questionnaire such as “how sleepy are you

now?” is given to the subject. The output is hardly objective. The second

approach is task performance evaluation that uses VM detection modules [147,

135, 129, 148, 130] or response time to specific stimuli [134, 148, 149]. The

third type is EOG-based method. Gang et al. [150] defined the label with

EOG information but only used the parameter of eyelid closure ratio.

To the best of our knowledge, our drowsiness labeling method is the first

approach that utilizes both R100 and PVT. R100 provides a task-independent

and long-term measurement of drowsiness, and PVT sets the references for

extreme sleepiness.
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5.2.4 Feature Extraction for EEG Signals

Many types of feature extraction techniques have been proposed to retrieve

useful EEG information and apply it to drowsiness detection studies. The most

widely used feature is band power (BP). Especially theta (4−8 Hz) and alpha

(8− 16 Hz) bands have played a key role [134, 135, 151, 152]. To achieve more

detailed frequency information than BP, some studies [147, 138, 149] have used

power spectral density (PSD) estimation or wavelet decomposition. However,

the PSD-based approaches suffer from high bias and variance in estimation.

A single-taper PSD (SPSD) method was developed to address high bias issues

[153]. Nonetheless, the SPSD technique was not able to fix the high variance

in estimation. To solve this issue, a multitaper PSD (MPSD) method has

been developed [154]. MPSD allows precise estimation by aggregating multiple

independent SPSDs, thus outperforming SPSD for estimating the sleep stages

[155]. To the best of our knowledge, this is the first study that applies MPSD

for detecting drowsiness with EEG.

5.2.5 Machine Learning Methods for Drowsiness Detection

Many studies based on machine learning techniques have been proposed for

detecting drowsiness. Linear regression was first applied for drowsiness de-

tection [134]. Since then, several studies have used artificial neural networks

(ANNs) [138, 149, 131, 148] and support vector machines (SVMs) [130, 151,

148]. In our study, we use the extreme gradient boosting (XGBoost) method [83],

which offers the following benefits: ease of use, scalability, accuracy, and com-

putational efficiency. In addition, it has good records on recent machine learn-

ing competitions [156]. Furthermore, we can estimate the importance of each

input feature by using the branch gain in XGBoost. This information can sug-

gest which EEG frequency bands and channels are relevant to the drowsiness

level, and guide the target of the electrode application and the frequency band

analysis, thereby enhancing performance and reducing resource inputs.
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5.3 Methods

As depicted in Figure 5.1, the proposed framework includes four steps: data

acquisition, feature extraction, drowsiness labeling, and drowsiness detection.

For the first step, data acquisition, we acquire the EEG signals from the re-

cruited subjects. Furthermore, we perform an R100 and a PC-PVT (see section

5.3.1). As the second step, we extract the MPSD [154] feature from the prepro-

cessed EEG segments (see section 5.3.2). In the next step, the instantaneous

drowsiness label is defined for each EEG segment using the R100 ensemble

outputs, and is validated by comparing lapse information from PC-PVT (see

section 5.3.3). For the last step, XGBoost [83] is trained with the features and

labels which are respectively acquired from previous steps. The trained XG-

Boost decides whether a given EEG segment is acquired during a drowsiness

condition or not (see Section 5.3.4).
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the wireless EEG device was only worn during the PVT task.

5.3.1 Data Acquisitions

Subjects

We recruited eight healthy subjects (4 men and 4 women; age, 26.8±3.4 years

old; body mass index, 20.9±2.1 kg/m2) who were nonsmokers and did not

have any neurologic diseases and sleep disorders such as obstructive sleep

apnea, insomnia, primary hypersomnia, or restless legs syndrome. None took

any medication affecting sleep or alertness, and they reported no involvement

in shift work for the previous one-year period and no travel to an area with a

different time zone during the month before enrollment. All participants had

intermediate chronotype, and slept regularly, sleeping between six and eight

hours per day.

The institutional review committee of Seoul national university Bundang

hospital and the Seoul national university approved the wired and wireless

EEG protocols, respectively. All participants submitted written informed con-

sent.

Experimental Protocol

A schematic presentation is shown in Figure 5.2. We conducted two protocols

(wired EEG and wireless EEG), and each protocol consisted of two condi-
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Table 5.1: Sleep time (minutes) for each condition
No-sleep-deprived Sleep-deprived

Night -6 – -2 Night -1 Night -6 – -2 Night -1
441.25±38.50 431.25±31.82∗ 440.52±44.43 216.25±30.21∗
∗Sleep time of the night before measurement on each condition
showed significant difference (p < 0.05).

tions (sleep-deprived and no-sleep-deprived). Two conditions were randomly

ordered, and the inter-condition interval was two weeks. During the study pe-

riod, subjects were instructed to have regular sleep for more than seven hours

per night; however, in the sleep-deprived condition, they were instructed to

sleep less than four hours on the night before the EEG acquisition. Each

subject’s compliance to the given sleep-wake schedule was monitored through

daily sleep logs. Sleep duration was successfully controlled as shown in Table

5.1, 216.3±30.2 minutes on a sleep-restricted day. All the subjects abstained

from alcohol and caffeine for at least the 48 hours before and during the day

of the EEG measurement.

All EEG measurements were performed from 9:30 AM to 6:30 PM in an

isolated space. Subjects were allowed to have regular meals and water, but

abstained from drinking caffeine and alcohol, smoking, and napping. The first

meal was before 9:30 AM and the lunch was between 12:30 PM and 1:30 PM.

The subjects’ behaviors were continuously monitored by real-time video.
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EEG and Drowsiness Measurement

A standard wet-electrode EEG (Beehive Horizon, Grass Technologies, Natus,

USA) and a cap-type dry-electrode EEG (Ybrain Inc., Republic of Korea)

device were adopted for the wired and wireless EEG protocols, respectively.

A total of 19 EEG electrodes were placed according to the standard 10-20

system, and an additional single ECG channel (modified type II lead) was

recorded. The recording list is as below:

set C = {Fp1,Fp2,F7,F3,Fz,F4,F8,T3,T4,

T5,T6,C3,Cz,C4,P3,Pz,P4,O1,O2,ECG}. (5.1)

A referential montage was adopted in which all the electrodes were referenced

to the left mastoid electrode (A1).

For the wired EEG protocol, the EEG data were continuously recorded

from 9:30 AM to 6:30 PM, and five drowsiness measurements were taken at

two-hour interval (Figure 5.2). Each measurement consisted of two recordings

with continuous background EEG monitoring: a 60-minute R100 recording

and a ten-minute PVT in the middle of the former. For the wireless proto-

col, subjects wore the EEG cap every two hours for 20 minutes (Figure 5.2).

As wireless EEG cap interfered the stable application of R100 and the EEG

artifacts increased due to the contacts between the temporal EEG electrodes

and the temple bows of the R100 eye glasses, only PVT information was used

to phenotype drowsiness. For both protocols, all the recording programs were

installed on a single laptop to synchronize the time axis for EEG, R100, and

PVT data.
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5.3.2 Feature Extraction

EEG Preprocessing

The jth channel EEG signal xj is computed by the subtraction from the

electric potential ij to the iA1 signal from the left mastoid (channel A1) as

below:

xj = ij − iA1. (5.2)

Other montage (average referential and longitudinal bipolar montage) did not

show significant performance difference with the left mastoid reference mon-

tage. A 1 Hz low-pass filter and a 50 Hz high-pass filter is set. The sampling

rate is 200 Hz.

To prevent drowsiness-related accidents, the length of the EEG signal re-

quired for detecting instantaneous drowsiness should be short. In our approach,

we split the EEG signal without overlap into a specific length (1–16 seconds)

segment. When the size of the window was set to w, the EEG segment could

be expressed as follows:

xji = [xj(i−1)∗w+1, x
j
(i−1)∗w+2, ...x

j
i∗w]. (5.3)

Multitaper Spectral Feature Extraction

In this study, multitaper power spectral density (MPSD) [154] based feature

extraction is performed on each EEG segment. For the xji in (5.3), single power

spectral density (SPSD) sji (f) [153] at the frequency f is calculated as follows:

sji (f) = ∆t
∣∣∣∣∣
w∑
k=1

w
(l)
k x

j
(i−1)∗w+ke

2πkf∆t
∣∣∣∣∣
2

, (5.4)

where w is a taper function and ∆t indicates the sampling duration. MPSD is

computed by averaging L number of SPSDs generated with orthogonal tapers
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as follows:

s̄ji (f) = 1
L

L∑
l=1

s
j(l)
i (f). (5.5)

The MPSD of the xji for m frequencies is given as follows:

sji = [s̄ji (f1), s̄ji (f2), ..., s̄ji (fm)]. (5.6)

The spectral information of n number of channels for the EEG segment Xi is

defined as Si = [s1
i , s2

i , ..., sni ] ∈ Rm∗n.

5.3.3 Drowsiness Labeling

Since our approach is based on supervised learning, it is necessary to define

a label indicating drowsiness for given EEG segments. To focus on detecting

instantaneous drowsiness, we define a label of whether the subject showed

lapse or not during PVT measurement. However, EEG with PVT information

(50 minutes per day) is not enough to train the model. Thus, to define the

label yi, we aggregate the R100 information (five hours per day) in section

5.3.3. Then, we find a proper threshold to binary yi and validate how well yi
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is related to the occurrence of the lapse in section 5.3.3.

R100-based Drowsiness Labeling

The EEG segment (1–14 seconds) is relatively short compared to the time

required by the R100 (60 seconds); thus, the multiple outputs dln of the R100

correspond to a single EEG segment. Therefore, in our work, to increase ro-

bustness, we aggregate the R100 outputs into one representative value, as

shown in Figure 5.3. We adopt an averaging method to define the label dlarg
i

corresponding to the ith EEG segment as follows:

dlarg
i = 1

N

N∑
n=1

dlni . (5.7)

To validate the averaging method, the majority of dls and the first dl1 output

are compared empirically in the experiment.

To binarize the dlarg
i , the following formula is defined:

yi =


1 if dlarg

i ≥ threshold

0 if dlarg
i < threshold.

(5.8)

yi = 1 represents the instantaneous state and yi = 0 represents the normal

state. The following section discusses how to decide the threshold using PVT

information.

Threshold searching for Label Binarization

A lapse is a temporary episode of drowsiness which lasts for a second where

a subject fails to respond in a certain time (t) [157]. Let RTi be the PVT

response time in Xi, then occurrence of the lapse Li can be defined as

Li =


1 if RTi ≥ t

0 if RTi < t

. (5.9)
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To determine a precise threshold of (5.8), we use the method proposed

by Francois’ [143]. The threshold in (5.8) is chosen which to minimize the

distance between yi in (5.8) and Li in (5.9). By assuming Li as target and yi
as a predicted target, we calculate the sensitivity and specificity based on their

difference. Thus, the receiver operating characteristic (ROC) curve can be plot

by modifying the threshold value. The optimal threshold is determined when

the average of the sensitivity and specificity is maximized. Once the threshold

is determined, we are able to determine yi over the entire duration when the

subject wears R100.

5.3.4 Drowsiness Detection

A binary classifier using the XGBoost is trained for each subject with the

feature vector Si and the corresponding label yi respectively as the input and

the output. XGBoost is an ensemble method that aggregates outputs from K

number of classification and regression trees (CART) as follows:

ŷi =
T∑
t

ft(Si), (5.10)

where fk represents the kth tree model. The objective function is given by

Obj =
M∑
i

l(yi, ŷi) +
K∑
k

Ω(fk), (5.11)

where l(·) and Ω(·) are the loss function and the complexity of trees respec-

tively with M training samples. l(·) is the cross-entropy, which is defined as

l(yi, ŷi) = −yi log ŷi − (1− yi) log(1− ŷi). (5.12)

In our problem, the ratio of the negative class (normal state) samples

against the positive class (drowsiness) samples is approximately 8 : 2. Since

these imbalanced data can cause biased classification [5], by multiplying a
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weight, we define a cost-sensitive loss l(yi, ŷi) as (5.13)

lc(yi, ŷi) = −wcyi log ŷi − (1− yi) log(1− ŷi), (5.13)

where wc = (# of positive)/(# of negative).

XGBoost is based on an additive training technique that progressively adds

trees to increase the precision of the prediction as

ŷ(t) = ŷ(t−1) + ft(S), (5.14)

where t = 1, ..., T , and ŷ0 = 0. Since XGBoost is vulnerable to overfitting, the

area under curve (AUC) values of the validation sets are used as a criterion

for early stopping. The training stops when there is no further improvement

after the addition of more than 300 trees. In our work, we used five-fold cross-

validation to validate our framework.

By letting j as an index of a single leaf among the K number of leaves in

a tree, the object function (5.11) converges as

Obj∗ = −1
2

K∑
k=1

G2
k

Hk + λ
+ γK, (5.15)

where λ and γ are parameters that control the trade-off relationship between

the complexity and accuracy. G and H is defined as

Gk =
∑
i∈Ik

∂ŷi l(yi, ŷi), Hk =
∑
i∈Ik

∂2
ŷi
l(yi, ŷi), (5.16)

where Ik denotes a set of samples reaching the kth leaf in each tree. The Obj∗

in (5.15) value measures how well a tree is structured. The optimization of the

tree is conducted by expanding the leaves based on information gain (Gain)
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(5.17) which is defined by

Gain = G2
L

HL + λ
+ G2

R

HR + λ
− G2

L +G2
R

HL +HR + λ
− γ. (5.17)

Each term respectively denotes the left children score, and the right children

score, as well as the score without split. By considering these three cases, a tree

is structured to maximize the total gain value. Following a pruning technique,

if the gain of each leaf is smaller than γ, tree addition is terminated.

Since each branch of the tree corresponds to one of the features, we can

compute the total gain for a specific feature by summing the gain of each

branch. The sum represents the importance of the corresponding feature. In

our study, since spectral information of each node is used as a feature, we are

able to easily compute the importance of each frequency and each channel.

5.3.5 Applicability in a Wireless EEG environment

Wireless EEG was additionally acquired to confirm that the framework is ap-

plicable in a wireless EEG environment. However, since drowsiness information

from the R100 was not acquired in the case of wireless EEG, as below, the

extreme drowsiness for wireless protocol, ywl
i , was defined directly with the

lapse during the PVT tasks.

ywl
i =


1 if RTi ≥ t

0 if RTi < t

. (5.18)

t is adaptively considered for each subject as t = µ+ 2 ∗ σ where µ and σ are

respectively the mean and the standard deviation of RT. Except for drowsiness

labeling, the rest of the process is the same as with the wired EEG.
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Figure 5.4: Evaluation results on three methods of drowsiness level definition.
(a) ROC curves and AUC values for the three methods on three values of t.
(b) Sensitivity and specificity trends as function of a sweeping AE drowsiness
level on three values of t.

5.4 Results

5.4.1 Evaluation of Drowsiness Label

ROC curves of the drowsiness label defined by the three methods (average

ensemble, majority ensemble, and first output) in Section 5.3.3 are shown

in Figure 5.4 (a). The proposed averaging method shows a high AUC value

regardless of t. Therefore, we can conclude that the labeling defined by the

averaging aggregation method of R100 is most highly related to lapse during

PVT.

As discussed in Section 5.3.3, the proper threshold value should be deter-

mined. Figure 5.4 (b) shows the sensitivity and specificity values between Li in

(5.9) and yi in (5.7) for every t. The mean values of sensitivity and specificity

are depicted as bold lines. The mean values were maximized on dlens = 6.

In other words, if dlens ≥ 6 (=threshold), we assumed that the subjects were

suffering from instantaneous drowsiness.
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5.4.2 Compatibility as Instantaneous Drowsiness Detection

To instantaneously detect the drowsiness, the length of the EEG signal should

be short. We analyzed the AUC values on various window sizes, w in (5.3).

The highest accuracy was reached with the two-second window size, which is

sufficiently short to detect instantaneously. Longer EEG segments resulted in

lower accuracy. We think that the chance of a mixed condition of normal and

drowsiness states in the long EEG segment might produce a negative effect.
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5.4.3 Comparative Analysis

Comparisons between the techniques used in proposed frameworks and other

conventional techniques (three methods of feature extraction and five classi-

fiers) were conducted. Figure 5.6 depicts the distribution of AUC values. By

testing Delong’s method [92], the statistical significance among the methods

was analyzed.

Comparison against Other Feature Extraction Methods

Three widely used feature extraction methods were implemented and com-

pared against MPSD. The first method was band power (BP) [151], which

uses the power values on specific bands, such as the delta (0.5− 4 Hz), theta

(4−8 Hz), alpha (8−13 Hz), beta (13−30 Hz), and gamma (30−50 Hz) bands.

The second was Welch’s method based on SPSD [153]. The third method was
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the wavelet packet decomposition (WPD) [158]. WPD is known to overcome

the previous methods’ limitation, i.e., the lack of precision with nonstation-

ary signals. For every feature extraction technique, the XGBoost were used.

As shown in Figure 5.6 (a), the method that we used in our work, MPSD,

shows the best performance, whereas SPSD shows the worst. The multi-taper

technique significantly boosts the performance of extracting the spectral in-

formation accurately.

Comparison against Other Classifiers

Five widely used machine learning classifiers were implemented and compared.

The first classifier was random forest (RF) [86], which is a bagging-based en-

semble technique. The second classifier was SVM [87]. The remaining types

of classifiers were deep-learning (DL) models [159]. DL models could be im-

plemented into various architectures. We implemented three different archi-

tectures: fully connected networks (FCNs), 1D convolutional networks (1D-

CNNs), and 2D convolutional networks (2D-CNNs). Due to class imbalance,

the training of the SVM and the DL models showed difficulties on conver-

gence. For this reason, we balanced the training data by generating synthetic

data using the synthetic minority over-sampling technique (SMOTE) [2] for

the drowsiness class. All the hyper-parameter sets were selected using a greedy

search.

As shown in Figure 5.6 (b), XGBoost which we used in our work, shows the

best results. RF-based detection shows relatively good performance against

the others. Even though SMOTE was additionally applied as prepossessing

to overcome imbalanced data issue, SVM shows relatively low performance

with a biased classification on a major class (normal state). Even though we

applied various techniques (e.g., such as skip connection, drop-out, and batch

normalization), DL models also do not show good performance.
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ECG

Figure 5.7: Topographic mapping of feature importance value

5.4.4 Feature Importance

As described in Section 5.3.4, the importance of the input features was com-

puted using the gain value. The importance values of a specific frequency are

shown in Figure 5.8. Peaks are shown in the theta and the alpha bands, which

means that these bands play a key role in decisions. This finding shows con-

sensus with the existing studies (e.g., the alpha attenuation test [145] and

the Karolinska drowsiness test [144]). Furthermore, we found that the range

(45−50 Hz) in the gamma band is also important. Figure 5.7 shows a topolog-

ical mapping of importance. Seven channels (Fp1, Fp2, T3, T4, O1, O2, and

ECG) are the key channels among 10-20 system channels.
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5.4.5 Channel Reduction

If the framework is based on fewer channels, a more lightweight and cost-

effective system can be implemented. Detection performance according to var-

ious channel combinations is shown as Figure 5.9. When all channels are used,

the best performance is obtained. When using seven selected channels (Fp1,

Fp2, T3, T4, O1, O2, and ECG) based on the importance, a small perfor-

mance drop of -1.80% is observed. As the number of channels decreased, the

performance of the system continued to degrade. The performance increased

when the ECG channels were added for all the cases. Furthermore, using only

the channel of a specific region, the performance was in the order of the ECG-

temporal-frontal-occipital region. There was no significant difference in per-

formance between the left hemisphere (Fp1, T3, O1, and ECG) and the right

hemisphere (Fp2, T4, O2, and ECG).
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Figure 5.9: Performance degradation according to channel reduction
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5.4.6 Results on Wired and Wireless EEG

As mentioned in Section 5.3.5, in addition to the wired EEG device, we have

acquired additional data with the wireless EEG system, which uses dry sensors.

The performance of each subject using the wired EEG and wireless EEG is

described in Table 5.2. The performance for each subject represents the mean

and standard deviation of the five-fold cross-validation. For the wired EEG,

most of the metrics show values above 0.78, which means that the proposed

framework can be applied to the actual situation. Additionally, all the metrics

have small standard deviations (less than 0.05 among folds and subjects).

For the wireless EEG, the AUC values for all subjects showed an average

performance degradation of -6.55%. In addition, the standard deviation of

performance was higher in the wireless EEG than with the wired EEG. In other

words, it can be interpreted that detection is less stable with the wireless EEG

than with the wired EEG. This performance degradation could be caused by

the instability of the dry sensor or the lack of EEG length used during learning.

However, since all indicators show a value of over 0.70, we expect the wireless

EEG to be useful for drowsiness detection in a mobile environment.
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Table 5.2: Subject-specific performance of wire EEG and wireless EEG
Wire EEG + R100 + MPSD + XGBoost Wireless EEG + PVT + MPSD + XGBoost

Subject Accuracy AUROC Sensitivity Specificity Accuracy AUROC Sensitivity Specificity
1 0.8033 ± 0.0056 0.8913 ± 0.0038 0.8030 ± 0.0053 0.8034 ± 0.0057 0.8474 ± 0.0374 0.9154 ± 0.0259 0.8133 ± 0.0183 0.8486 ± 0.0383
2 0.7665 ± 0.0139 0.8489 ± 0.0042 0.7678 ± 0.0167 0.7664 ± 0.0137 0.6425 ± 0.0709 0.6766 ± 0.0582 0.6067 ± 0.0683 0.6436 ± 0.0711
3 0.7661 ± 0.0091 0.8461 ± 0.0066 0.7660 ± 0.0087 0.7661 ± 0.0092 0.8200 ± 0.1459 0.8054 ± 0.1941 0.6000 ± 0.4183 0.8247 ± 0.1487
4 0.7980 ± 0.0138 0.8889 ± 0.012 0.7984 ± 0.0141 0.7980 ± 0.0138 0.9132 ± 0.0969 0.9555 ± 0.0401 0.7333 ± 0.4346 0.9167 ± 0.0998
5 0.7428 ± 0.0146 0.8211 ± 0.0147 0.7417 ± 0.0141 0.7429 ± 0.0146 0.6536 ± 0.1215 0.6760 ± 0.1604 0.6000 ± 0.1369 0.6548 ± 0.1216
6 0.8269 ± 0.0080 0.9056 ± 0.0062 0.8267 ± 0.0085 0.8269 ± 0.0079 0.7730 ± 0.0513 0.8238 ± 0.0564 0.7179 ± 0.0542 0.7754 ± 0.0534
7 0.7786 ± 0.0115 0.8609 ± 0.0077 0.7788 ± 0.0119 0.7785 ± 0.0115 0.7706 ± 0.0736 0.8158 ± 0.0756 0.7000 ± 0.0935 0.7727 ± 0.0769
8 0.7986 ± 0.0149 0.8813 ± 0.0106 0.7985 ± 0.0152 0.7986 ± 0.0149 0.7574 ± 0.0905 0.8170 ± 0.0835 0.6933 ± 0.1738 0.7594 ± 0.0940

Average 0.7851 ± 0.0266 0.8680 ± 0.0284 0.7851 ± 0.0267 0.7851 ± 0.0266 0.7722 ± 0.0917 0.8107 ± 0.0988 0.6831 ± 0.0763 0.7745 ± 0.0925
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Table 5.3: Comparison of various imbalanced learning techniques on drowsiness
detection

Model Accuracy AUPR AUROC F1 Sensitivity Specificity
Classifier Only 88.72 % 0.4084 0.7722 0.2875 0.2160 0.9770

Cost-sensitive Loss 77.81 % 0.4048 0.7742 0.4023 0.5886 0.8075
SMOTE 63.70 % 0.3962 0.7642 0.3427 0.7470 0.6178

Borderline SMOTE 67.82 % 0.3914 0.7613 0.3536 0.6984 0.6657
ADASYN 60.08 % 0.3819 0.7600 0.3283 0.7644 0.5722

Cluster Centroids 55.70 % 0.2892 0.6785 0.2788 0.6562 0.5580
SMOTE ENN 55.37 % 0.3723 0.7774 0.3156 0.8396 0.5077

Proposed in Chapter 3 87.66 % 0.4128 0.7823 0.4235 0.3975 0.9368

5.4.7 Imbalanced Data Classifications

Table 5.3 shows the results of applying imbalanced learning techniques to

drowsiness detection. In this chapter, Xgboost has been used for a classifier.

However, if a large amount of data is accumulated later, deep learning classifier

must be an ultimate choice. Therefore, the imbalanced learning analysis has

been done based on deep learning classifier. For equivalent comparisons, we

have used an equivalent deep learning classifier architecture for all techniques.

When applying the classifier only, it is possible to confirm the imbalanced

learning tendency is biased since the sensitivity value is much lower than the

specificity value. As a result of applying the cost-sensitive loss, the specificity

value decreases slightly, but sensitivity value is increased, which means that

learning is more balanced than classifier without cost-sensitive loss. As shown

in the table, data-level techniques increase the sensitivity but reduce the speci-

ficity largely. As a result, the AUPR, AUROC, and F1 value was adversely

affected. This implies that the generated data by the conventional data-level

techniques are not enough to represent the actual data distribution. How-

ever, the methodology proposed in Chapter 3 achieves the highest records in

AUPR, AUROC, and F1 which represent the performance in consideration of

both classes, whereas the sensitivity is improved without loss of specificity.
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5.5 Discussion

We have proposed a novel framework for detecting instantaneous drowsiness,

which can be applied regardless of the subject’s circumstance. In other words,

our framework is able to detect drowsiness in any situation. Once the model

is trained, it does not require any extra tasks, such as PVT, to evaluate the

drowsiness. Moreover, since our framework uses a short EEG segment of two

seconds, it is able to quickly detect and notify instantaneous drowsiness states

such as a lapse.

The proposed framework includes feature extraction using MPSD and a

classifier using XGBoost. The MPSD successfully contains meaningful spectral

information within the EEG data. As shown in the experiments, the XGBoost

successfully detects drowsiness by using spectral information. Our framework

shows the most outstanding performance among various feature extraction

techniques and machine learning methods, as shown in Section 5.4.1.

Our framework also has the advantage of being able to obtain the frequency

bands and channels that play the most important roles in detecting drowsiness.

Through the experiments, we reconfirmed that the alpha and the theta bands

are critical to detect drowsiness, which is consistent with the previous works

[144, 145]. Furthermore, we have demonstrated that the gamma frequency of

45− 50Hz also contributes to detection of drowsiness, which supports the re-

cent studies on the gamma-based sleepiness detection. Abnormal patterns of

gamma waves have been reported to be discovered from patients with neuro-

logical disorders (e.g.,/Alzheimer’s disease, Parkinson’s disease, schizophrenia,

and epilepsy) [146].

As a result of our experiment, the Fp1, Fp2, T3, T4, O1, O2, and ECG

channels have been shown to play important roles for detecting drowsiness.

According to the topological findings, drowsiness detection is possible with

the placement of electrodes in the highly relevant regions (frontal, temporal,

occipital, and ECG). If only a small number of channels is sufficient for drowsi-
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ness detection, we can expect cost and weight reduction of the EEG device.

Therefore, we evaluated the performance of various channel combinations. As

the number of channels decreases, so does the performance. However, when

using the seven channels with the highest importance, performance degrada-

tion is less than 2%. In other words, even if only seven channels are used, the

performance of drowsiness detection is not dramatically decreased.

To examine the applicability of our framework to drowsiness detection in

a mobile device environment, this study acquired additional data through a

wireless EEG device using dry sensors. However, the adopted wireless EEG

system and R100 were not compatible to be acquired simultaneously due to

interference. Since wireless EEG was acquired exclusively during PVT, only

approximately 50 minutes of EEG signals per day were used for learning.

Detection performance using wireless EEG showed a performance degradation

of less than 7% AUC compared to wired EEG, and a value of 0.70 or more

in most performance indicators. Two main factors contribute to performance

degradation. The first factor is that a relatively small amount of EEG was

used for learning, compared to the wired EEG. In the case of the wired EEG,

we used five hours per day, whereas only 50 minutes a day of EEG data

were available for wireless EEG. Since a small amount of learning data causes

performance degradation, it is necessary to accumulate sufficient learning data

for wireless brain waves. The second factor is the instability of the dry sensors

in the wireless EEG. Although the dry sensors have the advantage of being easy

to wear, they have lower signal quality and higher motion-sensitivity than the

wet sensors. Nevertheless, performance degradation is not drastic; therefore,

if these factors are improved, good and stable detection performance can be

expected in the mobile device environment using wireless EEG. In future work,

we need to develop and implement an algorithm to handle the EEG artifacts

and their effects on the performance to detect drowsiness, especially for dry

wireless EEG system.
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During the data acquisition, subjects were given various constraints such

as long measurements, limited movement, and controlled sleep time. Such

constraints make recruiting difficult, which resulted in a small data: eight

subjects for the case of our study. Since the amount of data was insufficient,

the performances of the deep learning methods such as FCN and CNN were not

outstanding. According to recent researches, deep learning has shown a state-

of-the-art performance in various fields [1, 55, 56, 57, 58, 59, 60]. However,

deep learning can automatically extract meaningful features and achieve great

performance only with a sufficient amount of data. As more data is collected

later, we hope not only to achieve better performance, but also to uncover

new useful features through deep learning. Another limitation of the proposed

framework due to the lack of data is that only the intra-subject approach was

considered. One model was trained for one subject, which means that if there

is a new subject, the new model will need to be trained. For our model to

generalize over any subjects, more data should be accumulated.
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Chapter 6

Application III: ECG-based

Authentication Data Learning

6.1 Introduction

The rapid growth in physiological sensors, low-power integrated circuits, and

wireless communication has enabled body area networks (BANs) [160, 161,

162]. BANs are now utilized for various purposes such as monitoring traffic,

crops, infrastructure, and health [163, 164, 165, 166]. The progression of BANs

is vital, but security remains a challenge yet to be resolved [167]. Biometrics,

which is a key solution for security issues, deals with identity-recognition prob-

lems by utilizing the biological peculiarity–e.g., voice, retina, fingerprint, blood

vessel, face, and cardiovascular cycle. Among them, cardiovascular signals were

first proposed by Biel et al. [168] as biometric signals measured by electrocar-

diogram (ECGs). Since the ECG is intrinsically connected to biological func-

tions, circumvention is significantly more difficult than other biometrics such

as retina, fingerprint, hand, or face. Measurability and the measuring cost of

the ECG is also relatively more reasonable than other biometrics [169].

Starting with the pioneering work of Biel et. al. [168], ECG-based bio-

metrics has been steadily studied. The existing methods suggest various ap-
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(a) Sample signal of medical data (MIT-BIH arrhythmia)
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Figure 6.1: Comparison of (a) conventional medical data (MIT-BIH [178]) and
(b) data from mobile sensor (Cardio chip). Signals of blue line are raw signal
of each data, where as those of red line are denoised signal. †MSE refers to
mean squared error between raw signal and denoised signal.

proaches to improve authentication performance.

An ECG-authentication algorithm typically comprises three steps: prepro-

cessing, feature extraction, and classification [169]. For preprocessing, most

algorithms have used bandpass filters [170, 171] and novel approaches such

as wavelet decomposition [172] have also been developed. The feature extrac-

tion algorithms can be categorized into two major types: fiducial-based (time

domain) [168, 173, 174] and non-fiducial-based methods (frequency domain)

[175, 176]. For the classification, various classifiers have been used, such as

k-nearest neighbors (kNN) [171], neural networks [177], and support vector

machine (SVM) [170].

Most of the methods verified their approach by using open medical data

called MIT-BIH and PTB [178], which are available at Physionet (http:

//www.physionet.org/). The databases offer various types of medical ECGs

influenced by heart diseases and conditions, such as sleep stage, apnea, ar-

rhythmia, noise stress, and atrial fibrillation [179, 178]. Various levels of an-

notations are also available: subject level (demographic information, and di-
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Figure 6.2: Pictures of ECG sensing module named CardioChip (composed of
two electrodes, Bluetooth network module, and SoC.)

agnostic class), beat level (atrial fibrillation and atrial flutter), and time-point

level (peak and end markers for P, QRS, T). Since they are acquired through

medical devices, the signals are precise and clean, as shown in Figure 6.1(a).

However, the conventional ECG sensors used in medical devices could not

be used for practical applications to mobile biometric authentications due to

aspects of high cost and measurability. Recently, real-time health-caring de-

vices are attracting considerable interest, and cardiac-disorder diagnosis tech-

niques are being developed on mobile devices with ECG sensors, such as smart

watches, earphones, and smart clothing [180]. The use of low-cost ECG signals

from mobile sensors is expected to increase the usability of authentication in

actual environments.

In this paper, we propose a practical biometric authentication method

using ECG signals acquired via mobile sensors. To acquire ECG signals, we

use a one-chip-solution module–i.e., the CardioChip made by Neurosky (http:

//neurosky.com/), which is shown in Figure 6.2. The ECG sensing module

is composed of two electrodes, the Bluetooth network module, and an SoC

named BMD101. The chip BMD101 provides 0.5-100 Hz signal bandwidth,

512 samples per second (sps) sampling rate, 61 dB SNR, and 3 mm × 3 mm

98

http://neurosky.com/
http://neurosky.com/


size.

In addition, we validate the actual utility of the present method for bio-

metric authentication via ECG signals acquired by a low-cost mobile sensor.

As shown in Figure 6.1, the ECG signals from this mobile chip are very noisy,

with a high MSE of 18.98, unlike the ECG signals from the high-cost medical

device, which has an MSE of 5.33.

To remove the various noises embedded in the ECG signals acquired by

the mobile sensors, we have designed a band-pass filter by cascading a low-

pass filter and a high-pass filter. As the unit of authentication, we present a

segmentation from ECG signals into a heartbeat unit, and a feature extraction

procedure together with empirically tuned values of parameters. Finally, to

achieve a satisfactory performance, a classifier-based authentication scheme is

proposed, where training data is constructed to avoid the unbalanced problem

in the one-against-all authentication. Nine classifiers are evaluated to choose

the best classifier for our authentication purpose.

The rest of the paper is organized as follows: Section 6.2 provides pre-

liminary information about ECGs, mobile devices, classifiers, and evaluation

metrics. Section 6.3 details the methodology specified in four steps. Section 6.4

shows the experimental results. Section 6.5 discusses limitations, the difficulty

of our approach, and future works.
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Table 6.1: Mobile health care devices

Category Smart watch Smart watch Smart watch Earphone Sensor
Product Galaxy gear S2 Apple watch Charge HR HRM FR74 iPhone 6/6s Case
Brand Samsung elec. Apple Fitbit LG elec. AliveCor
Release Oct. 2015 Apr. 2015 July. 2015 April. 2014 Jan. 2013
Price $ 300 $ 400 $150 $ 180 $100

6.2 Background

6.2.1 Electrocardiogram

Electrocardiogram (ECG) is the physical interpretation of the depolarization

electrical activity created by the heart muscles [181]. Propagation of the de-

polarization as a wave is transmitted to the entire body as well as the heart

[181]. This wave produces a current that is individually unique depending

on the anatomic structure of the individual heart and body, and the current

can be easily detected using skin electrodes. ECG is composed of three main

electrical entities that are depicted in Figure 6.3: P wave, QRS complex, and

T wave. P wave is produced by muscle contraction of the atria. QRS com-

plex marks the ending of atria contraction and the beginning of ventricular

contraction. T wave marks the ending of ventricular contraction. The shapes

of these entities are determined primarily by human anatomical features so

that fiducial information (interval and amplitude) of these entities can be an

individually unique feature [182]. In that sense, ECG satisfies the require-

ments for biometric characteristics [183]: universality (individual possession

of the characteristic), measurability (convenience to obtain the characteris-

tic), uniqueness (no identity on two individuals with the characteristics), and

permanence (no change in the characteristic over time).

100



R

Q S

P T
Ramp

Qamp Samp

Tamp
Pamp

PQinter QSinter STinter
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Ramp, Samp, and Tamp refers to amplitudes of peaks.

6.2.2 Mobile Devices for Cardiogram Monitor

As mobile technologies have become a powerful form of media for provid-

ing individual-level support to health care, plenty of mobile wearable devices

have been released by pioneering major companies [184]. Galaxy Gear Fit

(Samsung Electronics), Apple watch (Apple), and Charge HR (Fitbit) are the

representative products. Not only watches, but also other types of products

such as earphones and clothing, have been developed. Table 6.1 shows the

specifications of these representative products, which measure user conditions

(exercise quantity, cardiac information, and food-intake patterns) and suggest

guidelines for these users. Most key products measure heart rates only, but

the devices that provide ECG measurement in addition to the heart rate have

also been developed [185]. Even though the current developments for the de-

vice with ECG monitoring are only for health diagnosis, this kind of effort will

increase the utility of the device with ECG monitoring by easily extending its

application to the authentication.
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Table 6.2: Classifier list

Type Classifier name Reference

Classical model

Naïve Bayes [186]

Logistic regression [187]

Support Vector Machine [188]

Graphical model

Bayesian Network [189]

Multilayer Perceptron [190]

RBF Network [191]

Ensemble model

Bagging [192]

Random Forest [86]

Adaboost [84]

6.2.3 Classification Algorithms

To choose a suitable classifier for our ECG-based authentication, the nine

classifiers listed in Table 6.2 were implemented and evaluated. The classifiers

can be categorized into three types: classical, graphical, and ensemble model.

Naïve Bayes [186] is a simple classifier that uses conditional independence

of each variable and Bayesian properties. Logistic regression [187] measures

the linear relationship between the dependent variable and independent vari-

ables by estimating probabilities using a cumulative logistic distribution. The

support vector machine [188] is a robust classifier with good generalization ca-

pability that obtains an optimal hyper-plane that maximizes the margin from

support vectors, which is the nearest data from the hyperplane. Bayesian

networks [189] are probabilistic graphical models that represent a set of ran-

dom variables and their conditional dependencies via a directed acyclic graph

(DAG), which is widely used for hierarchical inference of complex decision

systems. Multilayer perceptron (MLP) [191] is a feed-forward artificial neu-

ral network with one or more hidden layers, which can work as a universal
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approximator. MLP is a modification of the standard linear perceptron and

can distinguish data that are not linearly separable. The radial basis function

(RBF) network [191] is an artificial neural network that uses radial basis func-

tions as activation functions. Bagging [192] trains multiple weak classifiers by

bootstrapping, then aggregates the outputs of the weak classifiers to produce

a strong classifier. Random forest [86] averages or votes the outputs of multi-

ple decision trees, which is generated by bagging. Adaboost [84] averages the

outputs of weak classifiers with weights. Unlike bagging, each weak classifier

is trained by the same dataset.
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Algorithm 1 Fiducial feature extractor F : Rl → Rm
1: procedure Detection of R Peaks
2: Rcandidate ← argi(ECG ≥ Rthr ∗max(ECG)) . Find all the candidate R peaks
3: if |Rcandidate[i]−Rcandidate[i + 1]| < Rover then . Find all the overlap beats which

are too close to each other
4: Roverlap ← arg maxi(ECG[Rcandiate[i]], ECG[Rcandiate[i + 1]])
5: end if
6: Rloc ← Rcandidate \Roverlap . Remove overlap beats from the candidates
7: Ramp ← ECG(Rloc) . Get the amplitude feature of R peaks
8: end procedure
9:

10: procedure Detection of Other Peaks
11: for i to length(Rloc) do . Get the location feature of the other peaks

which correspond to the ith R peak
12: Ploc ← arg maxi (ECG[Rloc[i]− Pbegin, Rloc[i]− Pend])
13: Qloc ← arg mini (ECG[Rloc[i]−Qbegin, Rloc[i]−Qend])
14: Sloc ← arg mini (ECG[Rloc[i] + Sbegin, Rloc[i] + Send])
15: Tloc ← arg maxi (ECG[Rloc[i] + Tbegin, Rloc[i] + Tend])
16: end for
17: end procedure
18:
19: procedure Computation of Fiducial Features
20: for i to length(Rloc) do . Get the interval and amplitude features

which correspond to the ith R peak
21: P Qinter[i]← Qloc[i]− Ploc[i]
22: QSinter[i]← Sloc[i]−Qloc[i]
23: STinter[i]← Tloc[i]− Sloc[i]
24: Pamp[i]← ECG(Ploc[i])
25: Qamp[i]← ECG(Qloc[i])
26: Ramp[i]← ECG(Rloc[i])
27: Samp[i]← ECG(Sloc[i])
28: Tamp[i]← ECG(Tloc[i])
29: end for
30: end procedure
Parameters:

• Rthr = 0.4 (threshold minimum amplitude of R peak,
Rover = 0.1 s (minimum interval among R peaks)

• Pbegin =RRint/6, Pend =RRint/10
• Qbegin =RRint/10, Qend=0
• Sbegin = 0, Send =RRint/10
• Tbegin =RRint/10, Tend =RRint/2
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Figure 6.4: An overall scheme of proposed framework: (a) acquiring ECG
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fiducial features in each heartbeat, (d) authenticating an identity through a
one-against-all classification. Blue line refers to registration (train) flow and
black line refers to authentication (test) flow.

6.3 Method

The overall scheme of the proposed authentication algorithm is depicted in

Figure 6.4: (a) acquiring ECG signals via mobile sensor, (b) canceling noise

for robustness, (c) extracting fiducial features in each heartbeat, and (d) au-

thenticating an identity through a one-against-all classification. More details

of each step are provided in the following.

6.3.1 ECG Acquisition

For ECG signal acquisition, we used Neurosky’s CardioChip, which provides

one lead signal by contacting two electrodes with a pair of thumb fingers.

Compared to multi-lead medical devices, the device has a higher level of noise.

However, the sensor has strong merit in that it can be easily installed to

wearable or mobile devices owing to the strength of its small size and its

Bluetooth communication module.

In this study, ECG was recorded in a sitting position at a resting state.

Each signal is 60 seconds long, with 512 Hz sampling frequency. A total of

175 subjects (144 male and 31 female) participated in our experiments. We

acquired the ECG signal once for 78 subjects, twice for 67 subjects, and three

times for the remaining 30 subjects.
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6.3.2 Noise Cancellation

Noise cancellation should be accompanied, since noise disturbs the robustness

of authentication. ECGs commonly contain 60 Hz interference noise, muscle

noise (> 40 Hz), and electrode contact noise (< 0.5 Hz)[193]. Since our sensing

device has no glue-on electrode, it has much more electrode contact noise

than medical devices. Fortunately, the electrode contact noise has a divisibly

lower frequency than those of real ECG signals. In addition, the interference

noise and muscle noise have a divisibly high frequency. The 5-15 Hz band is

appropriate to extract the fiducial feature for authentication [194]. To focus

on this band, we adopted a cascading filter that consists of low- and high-pass

filters in turn. The transfer functions of the two filters designed are as follows:

Hlow(z) = (1− z−6)2

(1− z−1)2 (6.1)

and

Hhigh(z) = −1 + 32z−16 + z−32

(1 + z−1) . (6.2)

6.3.3 Fiducial Feature Extraction

A single ECG has a periodic cycle of three electrical entities (see Figure 6.3):

a P wave, a QRS complex, and a T wave, generated by atrial depolarization,

ventricular repolarization, and ventricular depolarization, respectively [193].

Our algorithm computes an authentication score for each heartbeat, and a

procedure is required to segment the whole signal into single heartbeat signals.

The segmentation is done by detecting an R-peak in the QRS complex. Based

on the detected R-peak location, eight fiducial features (Pamp, Qamp, Ramp,

Samp, Tamp, PQinter, QSinter, and STinter) are extracted for each heartbeat as

shown in Figure 6.3. The detailed procedure to extract the features is described

in Algorithm 1. The parameters defining the peak are established by referring
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to the normal ECG range suggested in [195]. The values of parameters are

described in the bottom part of Algorithm 1.

6.3.4 Classification-Based Authentication

In the authentication stage, the feature vector extracted from each heartbeat is

an input to the classifier corresponding to a target user. The classifier produces

a score indicating the degree of how much the feature matches the target user.

The final authentication is done by the ensemble (arithmetic mean) of the

scores from the multiple heartbeats in the window. The larger window size

improves the performance but requires more time for authentication. That

is, there is a trade-off between performance and authentication time. This

trade-off will be examined in Section 6.4.2.

For the classifier in our work, we have chosen the SVM that has shown the

best performance among the nine classifiers presented in Section 6.2.3, through

empirical evaluations. For the evaluations, each classification algorithm was

implemented by calling the Java object of libSVM [89] for SVM, and Weka

[90] for the other algorithms in MATLAB2015a. To evaluate the generalization

ability of each classifier, a 10-fold cross-validation has been applied.

For the validation, an early 30-second signal from each ECG is used to train

a classifier, and the next 25-second signal is used to test. A set of multiple test

signals is established by moving a window every second for an authentication

signal.

Let h(i)
j ∈ Rl and x

(i)
j ∈ Rm be the l-length heartbeat ECG vector and the

m-dimensional feature vector, respectively, of the j-th heartbeat of the i-th

object, where i = 1, · · · ,M and j = 1, · · · , N . Then

x
(i)
j = F (h(i)

j ) (6.3)

with the feature extracting function F : Rl → Rm. To train the one-against-

all classifier for the i-th object authentication, the positive sample set χ(i)
p for
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i-th object is constructed by

χ(i)
p = {x(i)

j |j = 1, · · · , N}, (6.4)

whereas its negative sample set H(i)
n can be constructed by all samples from

the other objects except the i-th objects, that is,

χ(i)
n = {x(k)

j |j = 1, · · · , N and k = 1, · · · ,M and k 6= i}. (6.5)

In this case, the number of negative samples is much larger than that of positive

samples, which is known to result in degradation of performance. To balance

the two sample sets, we use one representative feature vector per each negative

object, by averaging all feature vectors of the object. That is,

χ̄(i)
n = {x̄(k)| and k = 1, · · · ,M and k 6= i} (6.6)

where

x̄(k) = 1
N

N∑
j=1

x
(k)
j . (6.7)

This approach reduces negative samples with a small amount of compu-

tation, which is suitable for a computing environment of the mobile device

targeted in our work. However, this approach can lose a large amount of infor-

mation due to under-sampling. Because of the rapid development of computing

power on mobile devices, we expect that algorithms with higher computational

complexity can be applied. Thus, there is also a need to examine various im-

balance learning techniques in addition to the representative negative method.
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Table 6.3: Classifier comparison results
SVM Simple

Logistic
Naive
Bayes

Random
Forest Adaboost

ACC(%) 95.990 93.160 90.330 95.680 94.300
EER(%) 4.460 8.810 9.510 6.230 6.510
AUC 0.996 0.951 0.981 0.996 0.995
SEN 0.915 0.823 0.889 0.874 0.874
SPE 0.972 0.964 0.908 0.981 0.981
FPR 0.028 0.036 0.092 0.019 0.019
FNR 0.085 0.177 0.111 0.126 0.126

Bagging Multi-layer
Perceptron

Bayes
Net

RBF
Network

Lugovaya
et al. [182]

ACC(%) 94.400 93.790 94.940 93.900 96.00
EER(%) 6.720 8.540 6.100 9.300 -
AUC 0.994 0.98 0.993 0.987 -
SEN 0.858 0.83 0.884 0.844 -
SPE 0.969 0.97 0.969 0.967 -
FPR 0.031 0.03 0.031 0.033 -
FNR 0.142 0.17 0.116 0.156 -

6.4 Results

Our approach was implemented in MATAB2015a under an Ubuntu 12.04

Linux environment. The experiments were carried out on a machine equipped

with four AMD 6172 CPUs, 256GB RAM, Radeon 7970 (2048 cores, 3GB)

GPU, and a 2TB hard disk.

6.4.1 Single-Beat Authentication Performance

To verify the authentication performance of our approach for single beats, test-

ing and training sets were randomly constructed by a 10-fold cross-validation

strategy. Table 6.3 shows the performance of each classifier in terms of six

evaluation indices, which have been described in Section 2.3. Each classifier’s

performance was averaged on all 175 subjects. In each type of classifier, SVM

[188], Bayesian network [189], and random forest [86] each showed satisfactory

performance with an EER of 4.46%, 6.1%, and 6.23%, respectively. The Radial

Basis Function (RBF) kernel-based SVM [188] was the best classifier among

all the classifiers used. By parameter tweak, the sigma value of the RBF ker-
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Figure 6.5: Test time validation. Performance trends on EER (blue) and AUC
(red) as function of extended test time.

nel in SVM was set to 1.5, which showed the best performance. As shown in

Table 6.3, the proposed scheme (SVM), even using a noisy signal, achieves a

satisfactory performance comparable to the results of Lugovaya’s work, which

used an ECG signal from the medical device [182].

6.4.2 Actual Authentication Scenario

Since the RBF kernel-based SVM showed the best performance on a single

heartbeat, an actual authentication scenario was verified, with an increasing

test time from 3 to 15 seconds. As shown in Figure 6.5, the more test time

was used, the more accurate a performance was achieved. Compared with the

scenario using three seconds of test time, the 15-second scenario shows about

3.91 times higher accuracy in terms of EER. We could achieve a stable au-

thentication performance owing to the ensemble scores of multiple heartbeats.
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Table 6.4: Comparison of various imbalanced learning techniques on ECG
authentication

Model Accuracy AUPR AUROC EER F1 Sensitivity Specificity
Classifier Only 96.39 % 0.8011 0.9860 4.79 % 0.2865 0.2222 0.9997

Cost Sensitive Loss 93.68 % 0.7375 0.9855 4.04 % 0.6301 0.9976 0.9338
Representative Negative 86.36 % 0.3934 0.9254 13.05 % 0.4053 0.8788 0.8628

Cluster Centroids 83.52 % 0.4958 0.9492 10.41 % 0.3854 0.9647 0.8288
SMOTE 96.45 % 0.8509 0.9927 2.44 % 0.7541 0.9990 0.9628

Borderline SMOTE 96.25 % 0.8432 0.9924 2.72 % 0.7440 0.9990 0.9606
ADASYN 96.38 % 0.8485 0.9927 2.38 % 0.7511 0.9992 0.9621

SMOTE ENN 96.25 % 0.8432 0.9924 2.72 % 0.7440 0.9990 0.9606

Proposed in Chapter 3 99.88 % 0.9981 0.9999 0.04 % 0.9871 0.9941 0.9990

6.4.3 Imbalanced Data Classifications

Table 6.4 shows the results of applying imbalanced learning techniques to au-

thentication. In this work, SVM has been used for a classifier. However, due to

the rapid development of mobile devices, deep learning techniques are expected

to be available. Therefore, the analysis has been done based on deep learn-

ing classifier. For equivalent comparisons, we have used an equivalent deep

learning classifier architecture for all techniques. As a result of applying the

classifier only, it is possible to confirm the unbalanced learning tendency with

the sensitivity value being extremely low. Based on the F1 score, we can con-

firm that all the imbalanced learning techniques have improved performance.

However, the representative negative and cluster centroid methods, belong-

ing to under-sampling, show a large loss in AUPR, AUROC, and specificity.

The cost-sensitive loss shows the same tendency. Unlike Chapter 4 and 5, due

to low-dimension of input feature, the over-sampling and hybrid techniques

achieve successful performance improvement on every metric. However, the

methodology proposed in Chapter 2 still shows the highest records in AURP,

AUROC, and F1 which represent the performance in consideration of both

classes, whereas the sensitivity is largely improved without significant loss of

specificity.
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Figure 6.6: Investigation on authentication results: score histogram examples
of ECG signals that give the low EER (a) or a high EER (b). The red (blue)
bar refers to a score histogram of the negative (positive) class. The gray dot
line depicts the decision threshold for authentication.

6.5 Discussion

Figure 6.6 shows score histogram examples of ECG signals that give a high

accuracy or a low accuracy depending on a subject. Figure 6.6(a) depicts the

score histogram of a high authentication performance signal (0.42% EER).

The distribution of both positive and negative objects had complete partition

on threshold 0.7. In contract, as shown in Figure 6.6(b), the score histogram

of a relatively low-performing signal (19.50% EER) had an overlapping region

that yields uncertainty on the classification.

We identified two main reasons by analyzing the low-performing signals.

One is the extreme noise that is caused by movement in measuring the ECG

signal. The other is the failure of R peak detection in extracting the fiducial

feature. For more precise noise cancellation, empirical mode decomposition

(EMD) [196], wavelet decomposition [197],or sparse derivative [198] could be

used. Non-fiducial features that do not need to detect certain characteristic

points could be expected to increase robustness [199]. Although our approach

is based on shallow learning, deep learning approaches such as convolutional

neural networks (CNN) [200] or recurrent neural networks (RNN) [201] could

112



be used to further improve performance.

Our signals were acquired in a resting state; however, ECGs have char-

acteristics that are influenced by the degree of stress or excitation. When

we consider multiple sessions, the performance is usually degraded [199]. Our

approach should thus be verified by multi-session ECG signals with various

conditions.

One of the difficulties we faced during our study lay in data acquisition. The

difficulty was to set some thresholds or hyper-parameters such as the bandpass

width at noise cancellation, fiducial peak range at feature extraction, or kernel

types and the sigma value fr SVM.
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Chapter 7

Conclusions

While machine learning methodologies, including deep learning, are updating

their state-of-art in a variety of areas, there are a number of issues to be solved

in order to successfully apply to real-world application. In this dissertation, one

of the issues, the imbalanced data learning, has been addressed along with the

proposed GAN-based solution. In addition, throughout application researches

using in-house real data, it has been discussed how to solve the imbalanced

data distribution. The contributions of this dissertation are summarized as

follows.

• A GAN-based imbalanced data learning method has been proposed, in

which the classifier, the discriminator, and the generator are jointly

trained. To this end, we have designed a three-player (the generator,

the discriminator, and the classifier) utility function and provide proof

of the existence of an equilibrium point of the utility function. In the

training scheme to search an equilibrium point of the utility function,

the main contribution is the cooperative training loop of the generator

and the classifier, where the generator and the classifier are trained al-

ternately to gradually expand the decision region of the minority class.

An additional contribution is the use of batch-wise balancing, which bal-

ances the majority and minority samples for every mini-batch in training
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the classifier. The validity of the proposed method was verified experi-

mentally via ablation study, visualization analysis, and comparison with

existing methods.

• As an application of imbalanced data learning, a low-cost high-accuracy

diagnose framework has been proposed for early diagnosis of dementia.

To achieve low-cost high-accuracy diagnose performance for dementia

using a neuropsychological battery, a novel framework was proposed us-

ing the response profiles of 2,666 cognitively normal elderly individuals

and 435 dementia patients who have participated in the KLOSCAD. The

key idea of the proposed framework is to propose a cost-effective and pre-

cise two-stage classification procedure that employed Mini Mental Status

Examination as a screening test and the KLOSCAD Neuropsychological

Assessment Battery as a diagnostic test using deep learning. In addition,

an evaluation procedure of redundant variables has been introduced to

prevent performance degradation. A missing data imputation method

is also presented to increase the robustness by recovering information

loss. The proposed DNNs architecture for the classification has been

validated through rigorous evaluation in comparison with various classi-

fiers. The k-nearest-neighbor imputation has been induced according to

the proposed framework, and the proposed DNNs for two stage classi-

fication show the best accuracy compared to the other classifiers. Also,

49 redundant variables were removed, which improved diagnostic perfor-

mance and suggested the potential of simplifying the assessment. Using

this two-stage framework, we could get 8.06% higher diagnostic accuracy

of dementia than MMSE alone and 64.13% less cost than KLOSCAD-N

alone. The proposed framework could be applied to general dementia

early detection programs to improve robustness, preciseness, and cost-

effectiveness.

• A drowsiness detection framework has been proposed using brain-wave
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signals. The socioeconomic losses caused by extreme daytime drowsiness

are enormous in these days. Hence, building a virtuous cycle system is

necessary to improve work efficiency and safety by monitoring instan-

taneous drowsiness that can be used in any environment. In this dis-

sertation, a novel framework is proposed to detect extreme drowsiness

using a short time segment (∼ 2 s) of EEG which well represents imme-

diate activity changes depending on a person’s arousal, drowsiness, and

sleep state. To develop the framework, multitaper power spectral density

(MPSD) has been used for feature extraction along with extreme gradi-

ent boosting (XGBoost) as a machine learning classifier. In addition, a

novel drowsiness labeling method has been suggested by combining the

advantages of the psychomotor vigilance task and the electrooculogra-

phy technique. By experimental evaluation, it has been verified that the

adopted MPSD and XGB techniques outperform other techniques used

in previous studies. Finally, we have identified that spectral components

(θ, α, and γ) and channels (Fp1, Fp2, T3, T4, O1, and O2) play an

important role in our drowsiness detection framework, which could be

extended to mobile devices. Furthermore, we verify the applicability of

the proposed framework for a mobile environment by using a wireless

EEG with dry-sensors as well as a wired EEG with wet-sensors.

• A noisy ECG-based biometric authentication has been proposed. ECG

signals from mobile sensors are expected to increase the availability of

authentication in the emerging wearable device industry. However, mo-

bile sensors provide a relatively lower-quality signal than conventional

medical devices. This work provides a practical authentication procedure

for ECG signals that collected via one-chip-solution mobile sensors. We

designed a cascading bandpass filter for noise cancellation and suggest

eight fiducial features. For classification-based authentication, the radial

basis function kernel-based support vector machine has been used to
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show the best performance among nine classifiers through experimental

comparisons. In spite of noisy ECG signals in mobile sensors, we achieved

4.61% of EER on a single heart-beat, and 1.87% of EER on 15 seconds’

testing time on 175 subjects, which is a reasonable result and supports

the usability of low-cost ECGs for biometric authentication.
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초 록

딥러닝을포함한기계학습기법들은여러분야전반에거쳐최고의성능을갱신하

고있다.하지만의료진단등과같은실제문제에적용하기위해서는해결해야할

사안들이여전히남아있다.대표적인사안중하나로본논문에서다루고자하는

사안은데이터불균형성이다.데이터불균형성이란,축적된데이터들중특정군의

분포가 매우 많거나 매우 적은 상태를 지칭한다. 불균형성이 존재하는 데이터를

기반으로 학습이 진행될 경우, 다수 데이터에 치우친 학습 경향을 보이기 때문에

소수 데이터에 대한 성능이 저하될 위험성이 있다.

본 논문에서는 데이터 불균형성을 극복하고자 하는 기존 방법들을 논하고,

이들의 생성적 적대 신경망 기법을 활용하여 한계를 극복할 수 있는 새로운 방법

론을제시한다.해당기법은생성모델과분류모델의유기적학습을통해생성된

데이터들이 소수 데이터에 대한 성능 향상을 유도하도록 한다. 부가적으로 실

환경 데이터를 활용하여 바이오메디컬 분야의 세 가지 응용 연구를 수행하였다.

각각 연구의 유의성과 함께 데이터 불균형성의 영향과 해결 방안에 대해 논하

였다. 각각의 응용 연구는 신경심리검사를 활용한 치매 조기 진단, 뇌파 기반의

극도 졸음 탐지, 심전도 기반 생체 인증에 해당한다. 요약하자면, 본 논문은 데이

터 불균형으로 인한 학습의 어려움을 실제 응용 연구들을 통하여 확인하고, 이를

해결하기 위한 방법론들을 탐구하였다.

주요어: 불균형 데이터, 기계학습, 심층학습, 생성적 적대 신경망, dementia

diagnosis, drowsiness detection, biometric authentication, electroencephalog-

raphy, electrocardiogram

학번: 2013-23144
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