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ABSTRACT

VISUALIZATION OF DEEP NETWORKS TRAINED FOR BIPOLAR
DISORDER CLASSIFICATION BY USING FNIRS MEASUREMENTS

Babacan, Oğuzhan

M.S., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. İlkay Ulusoy

February 2021, 71 pages

Deep learning applications have achieved impressive performances on many medi-

cal problems such as classification of disorders, effects of a treatment or unspotted

symptoms of a disease, etc. While modern deep learning progress is impressive in

such areas, genuine understandings of its working principles are not clear. For that

matter, the term black box has often been associated with deep learning algorithms.

The majority of previous studies have concentrated on networks’ successes and have

computed their performances in terms of accuracy levels. However, this thesis fo-

cuses on disintegrating the internal working mechanisms of neural networks into in-

tuitive and understandable components. It makes them easy to understand and to

interpret from medical experts’ perspectives. With this purpose in mind, pre-trained

Convolutional Neural Networks and Residual Neural Networks are utilized by using

time-series neuroimaging data, i.e. Functional Near-Infrared Spectroscopy (fNIRS)

measurements, belonging to two classes, namely healthy and bipolar, and their visu-

alization outputs are attained. Since these outputs are complex time-series data, they

are analyzed by statistical methods such as chi-square and t-tests so that the intrinsic

features of healthy and bipolar subjects specific to their classes are obtained. Results
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are compared with previous medical studies and are analyzed so that potential reasons

behind the classification results are provided. The contribution of this thesis is pro-

viding an inference about visualization outcomes of different neural networks, which

are trained for the bipolar disorder classification using fNIRS data. Therefore, this

study tries to fill the void between medical researchers and deep learning experts.

Keywords: fNIRS, Deep Learning, Bipolar Disorder, Classification, Visualization,

Class Activation Map
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ÖZ

BİPOLAR HASTALIĞI SINIFLANDIRMASI İÇİN FNIRS ÖLÇÜMLERİ
KULLANILARAK EĞİTİLMİŞ DERİN AĞLARIN

GÖRSELLEŞTİRİLMESİ

Babacan, Oğuzhan

Yüksek Lisans, Elektrik ve Elektronik Mühendisliği Bölümü

Tez Yöneticisi: Prof. Dr. İlkay Ulusoy

Şubat 2021 , 71 sayfa

Derin öğrenme uygulamaları, hastalıkların sınıflandırılması, bir tedavinin etkileri veya

bir hastalığın belirlenmemiş semptomları gibi birçok tıbbi problem üzerinde etkile-

yici performanslar elde etmiştir. Modern derin öğrenme gelişimi bu alanlarda etki-

leyici olsa da çalışma prensiplerinin gerçek kavrayışı net değildir. Bu nedenle, derin

öğrenme algoritmaları genellikle kara kutu terimiyle ilişkilendirilmiştir. Önceki ça-

lışmaların çoğu, ağların başarılarına odaklanmış ve performanslarını doğruluk sevi-

yeleri açısından hesaplamışlardır. Bununla birlikte, bu tez, sinirsel ağların iç çalışma

mekanizmalarının sezgisel ve anlaşılır bileşenlere bölünmesine odaklanmaktadır ve

bunların anlaşılmasını ve tıp uzmanlarının bakış açısından yorumlanmasını kolaylaş-

tırmaktadır. Bu amaçla, önceden eğitilmiş Evrişimsel Sinir Ağları ve Artık Değerli

Sinir Ağlarına sağlıklı ve bipolar olmak üzere iki sınıfın zaman serisi verileri olan

Fonksiyonel Yakın Kızılötesi Spektroskopi (fNIRS) ölçümleri uygulanmış ve bunlara

ait görselleştirme çıktıları elde edilmiştir. Bu çıktılar karmaşık zaman serisi verileri

oldukları için ki-kare ve t-testleri gibi istatistiksel yöntemlerle analiz edilerek sağlıklı
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ve bipolar deneklerin kendi sınıflarına özgü iç özellikleri elde edilmiştir. Sonuçlar

önceki tıbbi çalışmalarla karşılaştırılıp ve analiz edilerek sınıflandırma sonuçlarının

ardındaki olası nedenler verilmiştir. Bu tezin katkısı, fNIRS verileri kullanılarak bi-

polar bozukluk sınıflandırması amacıyla eğitilmiş farklı sinir ağlarının görselleştirme

sonuçları hakkında bir çıkarım sağlamaktır. Bu nedenle, bu çalışma tıp araştırmacıları

ile derin öğrenme uzmanları arasındaki boşluğu doldurmaya çalışmaktadır.

Anahtar Kelimeler: fNIRS, Derin Öğrenme, Bipolar Bozukluk Hastalığı, Sınıflan-

dırma, Görselleştirme, Sınıf Aktivasyon Haritası
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Prof. Dr. Nevzat Güneri Gençer, Assoc. Prof. Dr. Yeşim SerinAğaoğlu Doğrusöz
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem De�nition

Nowadays, the applications of deep learning have achieved impressive performance

on many computer vision-related tasks, such as object detection, speech recognition,

image retrieval, etc. On the other hand, as mentioned in [1], it appears that the dis-

criminatory power of a feature is heavily dependent on the dif�culty of the task. A

more straightforward classi�cation task results in simpler features even when the data

is the same. As a result of that the CNN automatically generates features of just

enough complexity to perform the task at hand. In other words, training on a more

challenging task (e.g. a larger number of classes) yields features that are more infor-

mative and special to the representative class members.

Nonetheless, while these deep neural networks provide superior performance, the

lack of disintegration of their internal working mechanism into intuitive and under-

standable components makes them hard to identify and interpret from a human vision

perspective [2]. Consequently, when today's intelligent systems fail, they fail mys-

teriously without any warning or explanation, leaving an inconsistent output behind.

To establish trust in intelligent systems and make progress in their integration into our

everyday lives, we are supposed to develop `transparent' models that explain what,

how, and why they predict. Typically, this transparency is bene�cial on three sides

of Arti�cial Intelligence (AI) development. First, when AI is signi�cantly weaker

than humans and not reliably deployable, transparency gives users the ability to iden-

tify failure cases and to spend their efforts on improving the system in the required

directions. Second, in the case where AI's power is equivalent to that of humans,
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the aim is to preserve trust and con�dence in the system. Finally, when AI is exces-

sively stronger than humans, the purpose of developing transparent models is machine

teaching [3], which is a concept that a machine lends assistance to humans about how

to make better decisions [2].

While modern deep learning progress is impressive, model developers do not fully

understand its working principles. For that matter, the term “black box” has often

been associated with deep learning algorithms. How could a model's results be trusted

if there is no convincing answer about how it works? In order to �nd a satisfying

answer for these kinds of questions, the lack of interpretability and transparency of

neural networks from the learned features to the underlying decision processes is

needed to be handled.

Making sense of why a particular model misclassi�es data or behaves poorly can be

challenging for model developers. Similarly, end-users interacting with an applica-

tion that relies on deep learning to make decisions may question its reliability if no

explanation is given by the model or become confused if the explanation is inexplica-

ble. For example, if a self-driving car makes an awful decision and harms a person,

the reason behind it could not be quanti�ed. Then, there would be no way to �x it,

which could lead to even more disasters. These challenges are often worse due to

the requirement of having a large dataset to train a great majority of deep learning

models. As threatening as these problems are, they will likely become even more

widespread as more AI-powered systems are deployed in the world.

Therefore, a general sense of model understanding is bene�cial and often required to

address the aforementioned issues. Without taking a look at what is happening inside

the neural network, model developers remain unaware of all this. In a nutshell, it

is not possible for developers to know where the network is looking and what it is

concentrating on, or what features it is relying on while making a decision. Thus,

visualizing neural networks is essential in making them work robustly in practical,

real-world use cases.

Researchers compete to reach the most accurate and stable models, thanks to a great

variety of medical data. However, as mentioned at the beginning of the chapter, these

models cannot extract biological insights lied behind the decision mechanism. Visu-
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alization of deep networks has bridged this gap as it provides an opportunity to look at

the inside of the network. This is crucial for medical researchers to receive feedback

about the questions they investigate, such as which symptoms are more distinctive for

diagnosing a disease or which part of treatment is more effective.

1.2 Proposed Methods and Models

Motivated by the aforementioned problems, this study's main objective is to provide

interpretable feedback that highlights the reason taken by the pre-trained classi�er.

In other words, we aim to visualize the activation maps of networks trained for the

diagnosis of bipolar disease by using neuroimaging data to understand the networks'

operation. Training and tuning hyperparameters of neural networks are out of this

thesis's scope, and our study covers the process after getting well-trained models

from Evgin's work [4].

Hence state-of-the-art visualization method, heatmap of class activation, is applied

as a base method during the thesis, and heatmaps of CNN and ResNet models are

generated. As the input is time series data collected from healthy and bipolar subjects

while completing a psychological test, the visualization method outputs are time-

series data. They indicate heatmaps of activation in the time scale for each of the

subjects. However, directly observing these heatmaps and making a remark according

to them is unfavorable since the data comes from different subjects. Their interactions

with the environment, which might trigger their activation maps for a brief time,

are unpredictable. For this reason, in order for psychiatrists to obtain reliable and

meaningful results, the traditional visualization approach is needed to be updated.

In this study, after getting activation heatmaps of networks, we further calculate av-

erage activations for each of 6 unequal time partitions, which are parts of the overall

test, explained in detail in Section 3.2. Then, by using these average activations of

each partition, the differentiation of healthy and bipolar groups, as well as the com-

parison of different networks, are analyzed with statistical tools in the scope of this

thesis. Thanks to this work, essential parts of the test for classi�cation and the dis-

tribution of activations belong to healthy and bipolar subjects can be introduced into

3



medical experts' concerns.

In accordance with this purpose, the chi-square test of independence is applied to

reveal whether bipolar disorder is related to a speci�c partition number that shows

the maximum activation in the neural network. On the other side, the Welch's t-test is

performed so that healthy and bipolar populations' distributions in terms of the neural

network's activation can be examined for each partition of the test. The difference

between these populations' means is investigated. In order for this study to achieve

its goal, both CNN and ResNet models are operated with various tuning options.

1.3 Contributions and Novelties

While neural networks can deal with large amounts of monotonous data and learn

to classify data based on training examples, researchers still need to comprehend the

cause and effect relation, supposing that they are interested in explanation instead of

absolute classi�cation. In her thesis [5], Hoşgören, who is a psychiatrist, investigated

whether healthy and bipolar subjects have distinguishable patterns in terms of the

verbal �uency test score and asserted that there is no remarkable difference between

those of both subject groups. However, thanks to Evgin's work [4], with the power

of deep learning, bipolar and healthy subjects have been classi�ed successfully over

75 percent by using their medical recordings obtained while performing the verbal

�uency task.

Nevertheless, it is not enough for medical experts to bene�t from this study effec-

tively. They need to know how the classi�cation process has been done, which part of

the data with which reason is more important, etc. This thesis contributes to a better

understanding of the working mechanism of neural networks used for the classi�ca-

tion of bipolar disorder.

In [6], our �rst study was concluded as the classi�cation of bipolar disorder by us-

ing time-series neuroimaging data with 1D CNN. It was one of few publications an-

nounced in the �eld of bipolar disorder classi�cation with a neural network, further-

more using fNIRS data for this purpose made it unique among others. In his study

[4], Evgin took a step forward and implemented state-of-the-art networks with higher
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accuracies for the same problem and data. Our thesis's novelty comes from being

the leading publication that makes an inference about outcomes of visualizations of

different neural networks, which are trained for the classi�cation of bipolar disorder

with Functional Near-Infrared Spectroscopy (fNIRS) data. Therefore, by this study,

we tried to �ll the void between medical researchers and deep learning experts and

put a milestone for fresh research.

1.4 The Outline of the Thesis

Chapter 1 introduces the scope of the thesis by stating the problem and the motivation

behind the study. The approach followed and the contribution to the problem are also

provided.

Main methods of visualization of neural networks are described, and the terms and

concepts to be known are introduced in Chapter 2. The related works regarding vi-

sualization methods are examined in detail. Moreover, the literature survey of recent

approaches and methods are given at the end of this chapter.

In Chapter 3, the working principle of a neuroimaging method, namely fNIRS, is

explained. The attainment and properties of the input dataset are provided in detail.

Chapter 4 explains the detailed theoretical background that is needed to understand

the thesis. It introduces state-of-the-art deep neural networks used for generating

models, which are inputs of visualization methods. Furthermore, in this chapter, the

detailed background information of inferential statistics used while drawing conclu-

sions is described.

Chapter 5 describes the neural network architectures speci�c to the classi�cation of

bipolar disease by using the fNIRS dataset. Moreover, the particular visualization

method, i.e. class activation map, is examined, and the modi�cations made on it to

obtain more useful inferences are provided. At the end of the chapter, the results

attained by statistical methods are summarized, and medical inferences that may lie

behind results are discussed.

Chapter 6 concludes the thesis by summarizing the work and results. Finally, the

5



future work arising from this study is mentioned.
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CHAPTER 2

VISUALIZATION OF NEURAL NETWORKS AND RELATED WORKS

2.1 Neural Network Visualization Methods

Visualizing the output of a machine learning model is a great way to see how it pro-

gresses, regardless of the neural network's complexity. Mainly training or validation

errors, as well as their accuracies, are concerned for the sake of the success criterion

while training deep networks. These two components provide information about how

the network performance is at each epoch. However, the working principle of the

Neural Network (NN), i.e. the way it succeeds at the classi�cation, can be observed

and learned by way of the visualization of the neural network. Therefore, to clarify

the decision-making processes about why and how NN models generate their out-

puts, a visualization method is needed to be employed by transforming the complex

internal features of the network into visually observable patterns.

Figure 2.1: The analogy between Human vision and CNN visualization [7]. Left: the

human brain processes the target features through multiple visual neuron blocks is on

the left. Right: the main steps of the CNNs visualization are shown
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Neural network visualization takes the human visual cortex system as a reference [2]

and Figure 2.1 shows the similarities between them. On the left part of the �gure, the

human brain processes the target features through multiple visual neuron blocks [8],

each of which may be speci�c to different features like colors, edges, and shapes [9].

While humans recognize a face, the neuron blocks with small receptive �elds, i.e. V1,

are used for basic features such as edges and corners. In deeper blocks, i.e. V2 and

V4, complex features such as particular shapes and objects are detected. The �nal

decision-maker block, i.e. IT, consists of visual neurons having the most extensive

receptive �elds, resulting in sensitivity to the entire face. On the other side of the

�gure, the main steps of the CNNs visualization are shown. Characteristically, CNNs

extract basic features such as edges and colored spots in the �rst layer. Next, through

deeper layers, more comprehensive features such as some parts of objects and shapes

are detected. Finally, in the fully-connected layers, the �nal decision is made.

[10] and [11] state that a pattern to which a unit's response is maximum is a repre-

sentation of what that unit is doing. In other saying, the maximum response of an

internal unit to input provides a fair characterization of what the unit does. That is the

reason some researchers study on different approaches and try to show the connection

between the feature space of a network and the input. They feed a vast dataset to the

network and investigate the inputs that activate neurons most [12], [13], [8].

Considering the rapid developments of NNs, the visualization has been extended to

interpret their working mechanism. In the rest of the chapter, this study divides visu-

alization methods into three main sections according to which part of the network to

be visualized, namelyVisualization of Intermediate Layer Activations, Visualization

of Convolutional Filters, Visualization of Heatmaps of Class Activation.

2.1.1 Visualization of Intermediate Layer Activations

One way to investigate how a NN classi�es the input is to look at the output of its

intermediate layers. By doing so, outputs of each �lter of each layer are derived

so that they can be used to determine the way each �lter in the network serves for

classi�cation. Looking at the different outputs from convolutional layer �lters, it

is expected to see how different �lters in different layers are trying to highlight or

8



activate different input parts.

According to Chollet [14], visualizing intermediate activations is to display the fea-

ture maps of various convolution layers of a network when a particular input provided.

Each channel of the input encodes relatively independent features. Therefore, it is re-

quired to plot every channel's contents independently to visualize the overall feature

maps.

Since the �rst layer is used as a collection of various edge detectors, its activations

generally contain the information present in the input. As getting deeper layers, the

activations become increasingly abstract and less interpretable. By looking at the

example of cat image classi�cation, a cat-likely face or body that existed in the image

might be recognized in the very �rst layer. On the other hand, higher-level concepts,

such as cat ear and cat feather, are encoded by the deeper layers.

Brie�y, higher layers of the network extract less information about the image's visual

contents and more information about the image class. Deep neural network effec-

tively acts as an information distillation pipeline. It starts working with the raw data

going in (in the cat image classi�cation, the RGB pictures) and being repeatedly

transformed. By this means, the irrelevant information is �ltered out, and useful in-

formation is magni�ed and re�ned. The activations' sparsity increases with the depth

of the layer. While all �lters are activated in the �rst layer, the �lters of the following

layers become deactivated. Through deeper layers, more and more �lters get blank,

meaning that the pattern encoded by the �lter is not found in the input image.

A widely used activation maximization algorithm [10], [11] which stands behind the

visualization of layer activations is provided, in detail. Since the aim is to observe the

representation of what the layer is doing, a pattern in which the layer responds max-

imally is needed to be found. For this purpose, given a network ofN layers, starting

from an input image, the input image pixels are modi�ed to maximize the output of

a target layerl < N . Thanks to Equation 2.1 and Equation 2.2, the visualization

of layer activations could be handled as an optimization problem. Let� represent

the parameters of a network (weights and biases),x be the input sample,x(i ) be the

feature maps of convolutional layeri of the network, i.e. the activation of layeri ,

andl i be the layer's activation function; the aim is to look forx � such that maximize
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the f
�
x(i )

�
, wheref denotes the objective function. The maximization activation

algorithm assumes a �xed� .

x(i ) = l i (�; x ) (2.1)

x � = arg x maxf
�
x(i )

�
(2.2)

Although this is a non-convex problem, a local maximum could be found by simple

gradient ascent in the input space. After calculatingx(i ) by Equation 2.1, the gradient

of the objective function with respect to that,dfdx ( i ) , is calculated. Then, the backprop-

agation is performed to get the gradient of the objective function with respect to the

input, x. Finally, the input image is renewed by gradient ascent using Equation 2.3,

where� is the learning rate of the model.

x := x + �
df
dx

(2.3)

In Figure 2.2, activations of all �lters ofblock1_conv2layer of VGG16 model [15]

are plotted when the Lena image is used as input. As it can be observed, each of

the outputs contains different features, almost half of which are more apparent than

others. When we take a closer look at the activations, thanks to Figure 2.3, it can be

stated that the left image, i.e. the activation of �lter 46 of theblock1_conv2layer,

focus on the feather on the hat. In contrast, the right one, the activation of �lter 52 of

theblock1_conv2layer, is interested in the background of the image and some parts

of Lena's face.
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Figure 2.2: Visualization of activations of all �lters of block1_conv2 layer of the

VGG16 model

Figure 2.3: Visualization of activations of Filter 46 (left) and Filter 52 (right) of

block1_conv2 layer of the VGG16 model
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Unlikely Figure 2.2, most of the activations in Figure 2.4 has more abstract features

since it contains activations of all �lters ofblock2_conv2layer of the model because of

the aforementioned reason that going through deeper layers results in more complex

features extracted by the model.

Figure 2.4: Visualization of activations of all �lters of block2_conv2 layer of the

VGG16 model

2.1.2 Visualization of Convolutional Filters

The alternative approach inspecting the model's working principle is to represent the

visual pattern to which each �lter of the network responds. Thanks to his book [14],

Chollet broadly explained the process, which mainly relies on the gradient ascent in

input space. In order to maximize the response of a speci�c �lter, the gradient descent

is applied to the value of the input image. Starting with a blank input image, this

process generates an input image that the target �lter gives the maximum response.

After taking a closer look at these images of �lters from different convolution layers,

it becomes apparent what different layers are trying to learn from the image data

provided to them. The patterns encoded in �lters of starting layers seem to be very

basic, composed of lines and other basic shapes, which tells us that the earlier layers

learn about basic features in images like edges, colors, etc. However, as going deeper
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