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Abstract

Deep learning has recently been expected to play a supporting role in disease severity
level estimation of medical images. It achieves high performance by training on a
large amount of labeled data. Absolute annotation, which represents continuous dis-
ease severity to discrete severity levels, is generally assumed to train deep learning for
severity estimation. However, absolute annotation is difficult due to ambiguous level
judgments. Consequently, attaching absolute annotations, even for medical experts,
leads not only to high annotation costs but also to high variability in the judgment.
In contrast, relative annotation, which represents which of two images has a higher
severity, is expected to be simple and has low variability. This thesis proposes two
methods for estimating disease severity by learning to rank with relative annotations.
The first method is multi-task learning, which combines learning to rank by rela-
tive annotation and regression learning by absolute annotation. This method can
substantially reduce the annotation cost by using relative annotations and a small
number of absolute annotations. In a severity classification task of ulcerative-colitis
endoscopic images, the proposed method achieved higher classification performance
(accuracy and F1 score) with 10% annotation cost compared to the conventional
classification methods only with absolute annotation. The second method is active
learning using a Bayesian convolutional neural network (CNN) for determining im-
age pairs to which relative annotations should be attached. This method is an active
sample selection based on uncertainty given by the Bayesian CNN. The relative sever-
ity level estimation results showed that this method performs better than methods
trained by randomly paired samples. The results also showed that this method is
robust to class imbalance because it selects minor but important samples during its
uncertainty-based selection.

Thesis Supervisor: Seiichi Uchida, Distinguished Professor, Kyushu University
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Chapter 1

Introduction

1.1 Background

1.1.1 Medical Image Analysis and Machine Learning

Recently, machine learning has been applied to various fields. In particular, with
the development of deep learning, remarkable results have been achieved in computer
vision tasks, such as image classification and regression, anomaly detection, segmen-
tation, and image generation. Deep learning can extract highly non-linear and appro-
priate features from its high-dimensional inputs, such as images, by representation

learning.

In medical image analysis, there has also been much research on the application
of machine learning to support medical doctors. For example, there are studies on
detecting shadows from chest X-ray images as an abnormality detection task [I], 2] 3]
and detecting tumor cell regions from pathology images as a segmentation task [4] [5].
In addition, there are studies to identify disease severity and lesion differences for
classification tasks [6, [7, 8]. In recent years, machine learning methods that perform
as well as medical experts in these studies have been proposed. Therefore there is

potential to reduce the burden on medical doctors in their clinical practice.

15



16 CHAPTER 1. INTRODUCTION

1.1.2 Relative Annotation for Medical Image Analysis

Deep learning requires a large amount of labeled image data for training, and therefore
the cost of annotating medical images is an important practical issue. In fact, the
annotation cost of medical image analysis tasks is much higher than those of general
image analysis tasks. In general image analysis, crowd-sourcing services can efficiently
create large amounts of annotation data. However, it is impossible to use these
services for medical image analysis. This is because the skills possessed by medical
doctors are required to detect the slightest change in condition without overlooking
it.

A common annotation task for severity estimation is to attach a discrete sever-
ity level (such as 0, 1, 2, 3) to an image according to criteria defined by medical
knowledge. Hereafter, I call this annotation absolute annotation because the absolute
severity level is given as an annotation. Absolute annotation is difficult even for med-
ical experts. The first reason for the difficulty is that it is difficult to find indicators
that determine the severity of the disease from the image. It is necessary to carefully
examine the entire image to find the subtle indicators. The second reason is that
severity levels are inherently continuous, although the annotation labels are discrete.
For example, the annotation task that attaches discrete severity levels 0, 1, 2, and 3 to
lesions with continuous severities frequently finds images with intermediate severity
levels, such as 1.5. Therefore, annotation results become inconsistent and unstable
because of the divergence of judgments not only among multiple medical experts but
also within the same medical expert.

A simpler annotation type is relative annotation, which compares the severity be-
tween two images. Specifically, relative annotation expresses the relationship between
two images as to which is more severe. Relative annotation is appropriate for severity
levels because it can deal with continuous levels; for example, even for two images A
and B with severity levels 2.1 and 1.6, we can easily attach the relative annotation

as “A is more severe than B.” Moreover, relative annotation is expected to be more
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consistent and stable because the annotator only has to choose one from two options
(“A is more severe than B,” or vice versa). According to these properties, relative
annotation is a promising alternative to conventional absolute annotation.

Relative annotation can be directly utilized in a machine learning framework,
called learning to rank, whereas absolute annotation has been mainly utilized for
classification or regression. As detailed in Section learning to rank is used for
tasks to predict the order of samples by learning specific ordinal information from the
ground truth. Learning to rank has been studied mainly in information retrieval as
a task to predict the most important sentences when a query is given. In computer
vision, classification and regression with absolute annotation have been extensively
studied, but the application of learning to rank with relative annotation has not been
fully explored. Therefore, this thesis mainly explores the effectiveness of learning to
rank using relative annotations in medical image analysis.

This thesis also addresses relative annotation in class-imbalanced datasets. A class
imbalance in medical image datasets is often an issue. The reason is that patients
with severe diseases are generally fewer than those with mild diseases. Another reason
is that the proportion of patient severity differs by the function and size of the hos-
pital. Since relative annotation for class-imbalanced datasets has not yet been fully

considered, a practical relative annotation mitigates class imbalance is considered.

1.2 Purposes

This thesis has two main purposes. Firstly, I propose a new method for severity
estimation with relative annotation. Secondly, I propose a method to select sample
pairs whose relative annotations are expected to be more important for the severity
ranking task.

These two purposes are detailed as follows:

e To explore automatic severity estimation with relative annotations:
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The application of deep learning to disease severity estimation from medical
images requires a large amount of training data. However, the annotation cost
of medical images is high because medical experts are required to annotate the
images. This thesis explores learning to rank with relative annotation to reduce

the annotation cost.

To investigate effective active learning for relative annotations: In a
learning-to-rank framework with relative annotation, the number of annotations
for all possible pairs is still prohibitive. Therefore appropriate sample pair
selection is important. This thesis explores an effective active learning method
that automatically selects appropriate pairs for relative annotation. In addition,
this thesis verifies the effectiveness of the proposed method on a dataset with

class imbalance.

1.3 Contributions

Corresponding to the two purposes, the main contributions of this thesis are summa-

rized as follows:

e Proposing multi-task learning with learning-to-rank and regression

with less annotation cost and higher classification performance: I
propose a multi-task learning method that combines learning to rank with re-
gression for automatically estimating disease-severity levels. Using relative an-
notation, I demonstrate that the proposed method outperforms conventional
multi-class classification methods and substantially reduces the annotation ef-

fort for medical image datasets.

Demonstrating that learning to-rank with Bayesian CNN could sup-
press the number of relative annotations: I propose a deep Bayesian

active-learning-to-rank that can rank the image samples according to their sever-
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ity level. I demonstrated that the proposed method could suppress the number
of relative annotations while keeping ranking performance. Experimental re-
sults confirm that the proposed method is robust against class imbalances by

selecting minority but important samples.

1.4 Organization of Thesis

This thesis is organized as follows:

e Chapter I} This chapter provides an overall background to this thesis. It

outlines the purposes and contributions of this thesis.

e Chapter [2: This chapter describes an overview of preliminaries on learning
to rank. First, the framework for learning to rank is briefly introduced, and
the properties of the three learning-to-rank approaches are compared. Then,
three annotations for learning to rank are introduced. Lastly, as a preliminary
experiment, the performance evaluation of deep learning-to-rank using a logo

images dataset is described.

e Chapter [3} This chapter describes an overview of medical image annotation
for learning to rank. First, disease severity scores for medical image diagnosis

are explained. Then, three medical image annotations for learning to rank are

described.

e Chapter [4 This chapter describes the study of annotation cost reduction
using relative annotation. The proposed method is explained, and the results

of comparative experiments and an ablation study are provided.

e Chapter [5} This chapter explores a method that selects high-learning effect
pairs for the relative annotation. First, the proposed active learning-to-rank is
described. Then, experimental results and analysis of the proposed and com-

parative methods are provided.
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e Chapter [6 This chapter concludes the thesis with future work.



Chapter 2

Preliminaries on Learning to Rank

2.1 General Framework of Learning to Rank

Learning to rank is an algorithm that automatically estimates the order of samples
for ranking tasks. Figure shows the learning-to-rank framework [9] consisting of
training and testing steps. The training step is to train a ranking model by training
data. First, input samples are attached with ordinal information as ground truth
by annotation. Second, the ranking model is optimized from the learning-to-rank
algorithm using samples with the ground truth as training data. The testing step is
to sort test data using the trained ranking model. Many learning-to-rank algorithms
have been proposed, and they can be categorized into three approaches [9], as we will
see in Section In addition, three annotation methods for learning to rank have

also been proposed, as we will see in Section [2.5]

2.2 Three Approaches of Learning to Rank

Learning-to-rank algorithms can be categorized into three main approaches (point-
wise, pairwise, and listwise approaches). It is necessary to use different approaches

depending on the properties of the task (e.g., total ranking, top-£ ranking, and bipar-

21
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Training step

Input ) Training data Learning-to-rank
—» Annotation > .
algorithm
\
Testing step \
Test data Output

— | Rankingmodel | ————

Figure 2-1: General framework of learning to rank.

tite ranking) and the dataset (e.g., text data, audio data, and image data). In order
to distinguish between these three approaches, I summarize the properties of these

approaches with deep learning.

The differences in the properties of the three approaches can be explained by fo-
cusing on the set of input samples (pointwise, pairwise, and listwise sets), ground
truth, and loss function. Figure shows typical three deep learning-to-rank ap-
proaches. This figure is inspired by Liu [9] and represents the approaches by the four
components (input space, output space, ranking function, and loss function). These
approaches differ mainly in the type of input sample set used in the learning algo-
rithm. An appropriate ground truth and loss function should be used depending on

the input sample sets.

The pointwise approach

The input of the pointwise approach is a single sample, with one ground truth added
to each sample. Each sample is attached with categorical, ordinal, or quantitative
information as ground truth. The pointwise approach uses regression or classification
methods for a ranking task. Therefore, the loss function uses a function in regression

or classification methods, such as mean squared error (MSE) and cross-entropy loss
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Input Space X Output Space Y
Input
X Ranking function
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(a) Pointwise approach (Regression)
Input Space X Output Space Y
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Input P,; = {0,051}
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(b) Pairwise approach (RankNet)

Input Space X Output Space Y

Ground truth label
Input O' O. O‘ >
Xi1 . . \—Y—/
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(c) Listwise approach (ListNet)

Figure 2-2: Typical three deep learning-to-rank approaches.
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functions. Many pointwise approaches have been proposed, such as PRanking [10],

Logistic Regression-based Ranking [11], and SVM-based Ranking [12].

Figure [2-2(a) shows a regression framework for learning to rank. Let f(-) be a
ranking function to rank samples. Given a set of samples x = {z;}., where N is the
number of samples and ground truth labels y = {5}, v; € R, the squared-error

loss function L,q, is defined as follows:

Lieg(f; i, yl) = (f(xl) - y1>2 (21)

The pairwise approach

The inputs of the pairwise approach are two samples, with one ground truth added to
each sample pair. The ground truth is the ordinal information between two samples.
In the pairwise approach, the ranking model can be considered a classification model
of pairs, and the loss function uses mainly cross entropy as a classification function.
The pairwise approach includes RankingSVM [13], RankNet [14] and SortNet [I5].

This thesis focuses on RankNet, to which neural network architecture is applicable.

Figure 2-2(b) shows a framework of RankNet. In RankNet, given a set of sample
pairs D = {x;,xj,v:;}, ©,7 € [1, N] where ground truth y, ; is a relative label of the
pair (z;,z;), suppose a ranking function f(x) to rank samples. Ground truth y;
takes one of three values {0,0.5,1} for small, equal, or large by comparing a sample
pair and is regarded as a target probability P ;. Then, let f(z;) and f(z;) be the rank

scores of the sample pair, and o;; = f(x;) — f(x;) be their difference, a probability

P, ; is defined as follows:

Pyf(e). () = Tomod 22)

Then, the cross-entropy loss function L., is defined from the target probability
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P, ; and the probability P;; obtained from ranking scores as follows:

LY (fi 224, yi5) = —Pijlog Py — (1 — P,;)log(1 — Pij). (2.3)

The listwise approach

The input of the listwise approach is a sample list, with ordinal ground truth added to
the list. The listwise approach includes AdaRank [16], ListNet [17], and ListMLE [I§].
Here I describe ListNet, which can be applied to deep learning.

Figure 2-2|(c) shows a framework of ListNet. In ListNet, given list set x = {z;});
and ground truth labels y = {4}, which is total order labels of the list, suppose
a ranking function f(z) to rank samples. Furthermore, given a ranking score list
s = {s;}¥, obtained from f(z), the permutation probability P, is defined from the

Plackett-Luce model as follows:

N
P =11 ]‘VP(SA, (2.4)

o1 2o P(Snk))
where 7 is a permutation of samples, s.(;) the ranking score of the sample at jth
position of permutation 7, and ¢ is a monotonically-increasing function. The loss
function Ly is the Kullback-Leibler divergence loss between the ranking-score per-
mutation probability Ps(m) and the ground-truth permutation probability Py (7), and

thus is defined as follows:

Llist(f; XaY) = D(PY(WM’PS(TF)) (25>

2.3 Comparison of Learning-to-Rank Approaches

Table compares the three learning-to-rank approaches. “Order relation” is the

strength of using ordinal information between samples for training. “Task trans-
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Table 2.1: Properties of three learning-to-rank approaches.

Approaches Order relation Task transformation

Pointwise low yes
Pairwise high no
Listwise very high no

formation” indicates the possibility of adapting for other tasks (e.g., regression or

classification) beyond the ranking task.

The advantage of the pointwise approach is that it can be treated as classification
or regression tasks as well as ranking tasks. Since the pointwise approach predicts
scores for individual samples, standard classification and regression are used as rank-
ing tasks. In addition, the pointwise approach can be applied to ordinal regression

tasks; for example, regression is used as a naive method [19).

The disadvantage of the pointwise approach is that it cannot directly reflect the
order relations among samples as training information. For ranking tasks, accurate
order estimation among samples is important. Therefore, the pointwise approach
is not actively selected for the ranking task compared to the pairwise and listwise

approaches, which can directly learn ordinal information among samples.

The advantage of the pairwise approach is that it can directly reflect the order
relations among samples to the ranking model by the ground truth of the order
relations of the paired data. Since the pairwise approach can utilize more ordinal
information than the pointwise approach, it is a suitable learning-to-rank method for

ranking tasks using datasets attached with relative labels.

The disadvantage of the pairwise approach is that the output values are only
relative because it uses ground truth as the ordinal relation for two samples. There-
fore, the results can only be evaluated with output values from multiple samples.
The pairwise approach can be used only for ranking tasks and not for regression or

classification tasks.

The advantage of the listwise approach is that it can directly reflect the order rela-
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tions among multiple samples for training using ground truth in the ordinal relations
in the list. The listwise approach is suitable learning to rank for ranking tasks using

datasets attached with list order.

The disadvantage of the listwise approach is that, like the pairwise approach, the
output values do not represent absolute scores. Therefore, the listwise approach can

only be used for ranking tasks, not regression or classification tasks.

This thesis primarily employs a pairwise approach, which can directly learn ordinal
information between samples. The training data obtained by relative annotation,
which is the focus of this thesis, is more suitable for use in the pairwise approach
than in the pointwise or listwise approach, as will be discussed later in Section of
Chapter

2.4 Related Work of Learning to Rank

Learning to rank has been widely used in recommendation systems in the past. In
recent years, it has been applied to several image analysis problems. For example, in
image quality evaluation and image attractiveness evaluation, the ranking function
is applied because it is difficult to give an absolute quality evaluation for each image

[20, 21, 22, 23], 24, 25, 26].

Some studies have also reported the application of learning to rank for medical
image analysis [27, 28, 29, 30]. The studies by Huang et al., Pedregosa et al., and
Peng et al. did not use deep learning-to-rank but instead learning to rank by simple
or handcrafted features 27, 28, 29]. Lyu et al. apply deep learning-to-rank to select
high-quality images in ultrasound images [30]. Their study did not use learning to
rank for the disease severity estimation task. Therefore it is not a study that verifies

the effectiveness of deep learning-to-rank for medical image diagnosis.



28 CHAPTER 2. PRELIMINARIES ON LEARNING TO RANK

4

(a) Absolute annotation (b) Relative annotation (c) Total order

|Score 1Lg |Scor 3L\§f
Figure 2-3: Three annotation methods for learning to rank.

2.5 Three Annotation Methods for Learning to Rank

There are three annotation methods for learning to rank. Figure [2-3] shows three
annotations for learning to rank. Note that these annotation methods are theoretically
applicable to arbitrary learning-to-rank approaches, but in practice, they are closely

related to the three approaches to learning to rank. The details are described in

Section [2.6]

According to Liu [9], three annotation methods are relevance degree, pairwise
preference, and total order. Since this thesis focuses on applying deep learning to
image analysis, we rename them for image annotation. Specifically, relevance degree

is called “absolute annotation,” and pairwise preference is called “relative annotation”.

The absolute annotation

The absolute annotation is a standard method that attaches a categorical or quanti-
tative label to a sample. Given a sample x;, an absolute label y; is attached to the
sample. The annotated sample set is represented as Dy, = {(x;,y;)}. For N samples,
the total number of annotations is V. The amount of ordinal information in a dataset

depends on the number of categories (classes) attached to the sample.

The relative annotation
The relative annotation is a method that attaches the ground truth label of the

ordering relationship between two samples. For a sample pair (z;, z;), a relative label
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y;,; is regarded as a target probability F;; and is defined as follows:

1,  if x; has a higher level than z;,
Pij =4 05, elseif z; and z; have the same level, (2.6)
0, otherwise.

The set of the annotated sample pairs is represented as Dy, = {(z;,x;, P;)}. In the
relative annotation, the total number of annotations increases quadratically with the
number of samples. For N samples, the total number of annotation pairs is N(N —
1)/2. Therefore, annotating all pairs becomes more difficult as N increases. The
relative annotation can give more ordinal information than the absolute annotation

by comparing samples in the same class.

The total order

The total order is an annotation that attaches ordinal information to the entire
dataset. Given a sample z;, a total order label y; is attached to the sample. The
annotated sample set is represented as Dy, = {(x;,y;)}. For N samples, the total
number of annotations is N. However, the annotation becomes more difficult as the
number of samples increases because of the need to compare the ordinal relationship
of all samples. The total order can give the dataset more ordinal information than

absolute or relative annotations.

2.6 Relationship between Learning to Rank and An-

notation

The relationship between the three learning-to-rank approaches and the three anno-
tation methods is described below. Figure [2-4] shows the relationship between three
annotations and three learning-to-rank approaches. As mentioned above, note that

learning-to-rank approaches and annotation methods are independent of each other.
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Annotations Learning-to-rank

approaches
Absolute annotation » Pointwise approach
Relative annotation Pairwise approach
Total order »  Listwise approach

Figure 2-4: Relationship between three annotations and three learning-to-rank ap-
proaches. Red arrows indicate approaches that enable learning to take advantage of
ground truths’ properties.

The three learning-to-rank approaches can apply the ground truth obtained by the
three annotation methods. An appropriate learning-to-rank approach should be se-
lected based on the annotation property and target task. The following describes how

to use the ground truth obtained by each annotation for learning to rank.

First, in absolute annotations, each sample in a dataset is attached with one
ground truth, and thus the dataset can be used for a pointwise approach. The dataset
can be adapted to the pairwise approach by creating pairs of samples and reattaching
the ground truth between pairs. In addition, the dataset can be used for a listwise

approach by using the absolute-label order as a list.

Second, in relative annotations, each paired sample is attached to a ground truth
about the ordinal information, and thus the dataset can be used in a pairwise ap-
proach. Furthermore, the dataset can be applied to the listwise approach by trans-
forming the order of the dataset from pairs to lists. The sample order in a list can be
used for a pointwise approach by considering it as the ground truth of each sample.
However, pair-to-list order transformations generally result in incomplete informa-
tion because of the large amount of missing pair information. Therefore, relative

annotations are best applied to the pairwise approach.
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Finally, in total order, each sample is attached to a ground truth about the or-
der in the entire dataset, and thus the dataset can be used for a listwise approach.
By pair creation from a list, the dataset can be adapted to the pairwise approach.
Furthermore, the dataset can be adapted to a pointwise approach by using the order
number of the list. However, total order has much ordinal information, and it should
not be used for pairwise or pointwise approaches that use only some of the ordinal

information. The total order is best applied to a listwise approach.

2.7 A Basic Experimental Study of Deep Learning-
to-Rank

2.7.1 Representation Learning and Deep Learning-to-Rank

Recently, there has been much research on using machine learning to replace tasks
performed by humans. Machine learning is a technique that automatically processes
a target task (e.g., classification or regression) by extracting patterns from data. The
efficient extraction of patterns is performed by representing the data as appropriate
information (called feature). In conventional machine learning, the representation
method was designed by a human, but recently an approach that learns the repre-
sentation itself (called representation learning) has been proposed. Representation
learning reduces human intervention and automatically provides features to extract
patterns effectively.

Deep learning is a representation learning that can automatically extract abstract
features from data. The deep learning model is a deep multi-layer perceptron, a type
of neural network, a mathematical function that maps input values to output values.
Deep learning has achieved high estimation performance for various complex tasks.

Deep learning can be applied to RankNet, which has a neural network structure.

On the other hand, RankNet is designed with shallow multi-layer perception for



32 CHAPTER 2. PRELIMINARIES ON LEARNING TO RANK

information retrieval and has not been fully explored with deep neural networks for
image analysis. Therefore, it is necessary to verify that deep learning-to-rank can

effectively extract features as representation learning in image analysis.

2.7.2 Logo Ranking with Deep Learning-to-Rank

This research studies the effectiveness of CNN-based representation learning for learn-
ing to rank in a relative popularity estimation task from logo images, a task for which
abstract features are challenging to extract. A logo is a graphic design widely used to
identify a company, organization, group, or product. A logo mark must capture the
subject’s characteristics and minimize waste to be easily identifiable and memorable.
Therefore, professional designers carefully create each logo with various aspects con-
sidered. Such a logo mark is not merely a symbol but expresses the visual meaning
of the company or organization’s policy, history, philosophy, or commercial strategy.

Logos can be visually categorized into three types in general: logotypes, logo
symbols, and mixed types. Figure [2-5] shows examples of each type of logo. A em
Logotype is a logo with no picture and consists only of letters, often representing a
company’s name or initials. Logo symbolis a logo composed of an abstract mark, icon,
or pictogram. Mized is a mixed logotype and logo symbol containing both textual
and pictorial information. There are several other variations of logotype classification.
For example, in [31], three types are “text-based logo”, “iconic or symbolic logo”, and
“mixed logo”.

There has been much research on the design of logos and their impressions.
Zhao [32] discusses the recent diversity of logos in the survey paper. Sundar et
al. [33] analyzed the impact of the logo’s vertical position on the package. Luffarelli
et al. [34] used hundreds of crowd workers to analyze the difference between symmetry
and asymmetry in logo design. They concluded that asymmetrical logos make more
arousing impressions.

Luffarelli et al. [35] recently reported the exciting result that a logo’s descrip-
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tiveness positively impacts brand reputation. The descriptiveness means that the
text and illustration design of the logo explicitly expresses what the company is do-
ing. This report provides a subjective analysis using crowd workers and discusses the

importance of text in logo design.

In computer vision, research dealing with logo design has recently been conducted,
primarily because of the release of the public logo image dataset. The early dataset,
such as the UMD-Logo-Database (currently unavailable), had only 123 logo images
and was small in size [36]. By contrast, the size of the logo dataset is now considerably
more significant. WebLogo-2M [37] is the earliest large logo dataset containing 194
different logos captured in 1,867,177 web images. They apply the dataset for the logo
detection task. Sage et al. [38] released the LLD-logo and the LLD-icons datasets. The
LLD-logo dataset contains 122,920 logo images collected from Twitter and 486,377
favicon images (32 x 32 pixels) from web crawling. They use these logo images for the
logo synthesis task. In addition, a Logo-2k-+ dataset containing 2,341 different logos
in 167,140 images was recently published by Wang et al. [39]. The unique feature of
this dataset is that the logo images collected by web crawling are classified into ten
different company classes (e.g., food, clothing, institutions, and accessories). They

use these logo images for the logo classification task.

Although logo research has been conducted in various tasks, it has yet to be
common to conduct research on logo designs for objective and quantitative evaluation.
In an exceptional attempt, Karamatsu et al. [40] explore the analysis of favicons in
LLD-icons using a top-rank learning method to identify trends in favicon design for
each company type. This research attempts to quantify logo design by analyzing the
relationship between logo images and their popularity (given the number of followers

on Twitter).

The primary purpose of this research is to analyze the relationship between the
visual appearance of logo images and the number of followers of a company or orga-

nization. For this purpose, I utilize state-of-the-art pairwise learning-to-rank and a
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Figure 2-5: Logo image examples.

large logo dataset, LLD-logo [38|. Specifically, RankNet [14] (originally a multilayer
perceptron) is used in convolutional neural networks. RankNet has many applica-
tions, such as image attractiveness evaluation [23]. Recent applications of related
techniques about RankNet are well summarized by Guo et al. [41]. To the best of the
authors’ knowledge, an attempt has yet to be made in recent years to analyze logo
images using objective quantitative evaluation using machine learning. Through the
analysis of logos and the number of company followers, trends in logo design used by
companies and organizations can be identified. Furthermore, the analysis results can

help design new logos that match the company’s intentions.

The main analysis is the relationship between the overall logo image (including
text and symbols) and the number of company followers with the logos, using learning
to rank and regression. In this research, the number of company followers is considered
to be an indicator of the company’s popularity. If it is possible to predict the number
of followers from logo images with a reasonably high accuracy using ranking and
regression functions, these functions would be influential in determining whether the

logo design is commensurate with the company’s popularity when logo creation.

This research uses the LLD-logo dataset by Sage et al. [38]. LLD-logo contains
122,920 logo images, which are collected from Twitter profile images using an API

called Tweepy. This dataset has undergone careful filtering operations on the collec-
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Figure 2-6: Distribution of followers of the companies listed in LLD-logo dataset.

tion to exclude facial images, harmful images, and illustrations. The size of the logo
image included in this dataset is 63 x 63 ~ 400 x 400 pixels.

The logo images in the LLD-logo dataset have two advantages over images taken
with cameras like the Logo-2K [39]. First, because LLD-logo images are so-called
born-digital, they are not affected by disturbances such as uneven light, geometric
distortion, low resolution, or blur. Second, an advantage of LLD-logo is metadata, of
which the number of followers is an excellent indicator for understanding the popular-
ity of individual companies. Figure [2-6 shows the distribution of the number of com-
pany followers in the LLD-logo dataset. Note that the horizontal axis of this histogram
is expressed in logarithmic form. Such a log transformation is a common method used
to analyze popularity, especially Twitter followers distribution [42, [43] 44, 45].

The main contributions of this research are summarized as follows:

e To the best of our knowledge, this research is the first large-scale objective
analysis of the relationship between logo image and a company’s popularity

(number of followers).

e Ranking and regression analysis indicated the potential for estimating relative
popularity among logo images and absolute popularity (number of followers)
from logo images. The results suggest that the learning-to-rank and regression
functions can be used to evaluate the quality of a logo design. These functions

may become clue tools for logo design strategies in logo production.
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2.7.3 Estimating Relative Popularity through Logos

I explored the feature extract effectiveness of deep learning-to-rank from the exper-
iment of the relative popularity estimation through logo images. The number of
followers depends on many factors, including the company’s products, market trends,
size, and impressions. In addition, different people have different reasons for follow-
ing a company. Therefore, estimating the relative popularity between logo images is
generally considered difficult. In this research, I attempted to estimate the relative
popularity between logo images by extracting highly abstract concepts contained in
the logo image using deep learning, which has high expressive performance.

More specifically, I conduct experiments on the relative estimation of the number
of company followers as a ranking by combining deep representation learning and
RankNet [I4]. RankNet is a pairwise learning-to-rank approach, which is to determine
a ranking function r(x) that satisfies the condition r(x;) > r(xs) if 2y should rank
higher than x5 in the two samples. In this case, x represents the logo image, and if the
logo image x; has more followers than z,, this condition should be satisfied. Given
a ranking function r(x) that outputs accurate rank scores r(x), it is also possible to
predict relative popularity, such as r(z1) > r(z3) or r(z1) < r(xy) for a given image
pair x1, .

RankNet is a learning-to-rank method with a neural network framework and re-
alizes a nonlinear ranking function. The original RankNet is implemented in shallow
multi-layer perception (MLP). In this trial, I implemented DenseNet-169 to realize
more substantial nonlinear functions and deal with image input to RankNet.

All logo images were resized to 224 x 224 pixels. The training, validation, and
testing datasets are 30,000, 10,000, and 20,000 randomly selected logo images from
the LLD-logo dataset, respectively. Then, I randomly create 30,000, 10,000, and
20,000 “pairs” from these data sets and use them for training, validation, and testing
of RankNet with DenseNet-169. For training with RankNet, the cross-entropy loss

was used. The training was terminated if the validation accuracy did not improve for
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ten epochs.

The performance evaluation of the learning-to-rank task differs from that of the
regression task. Learning-to-rank task is evaluated by the correctness rate of the
large/small comparison between the rank scores {r(z1),r(z2)} calculated from the
test pair {x1,22}. When x; has a higher number of followers than xs, the relative
estimation is considered successful if the learned RankNet correctly evaluates r(x) >
r(zs). The percentage of correct answers for the pair is 50% when the decision is
made randomly.

The performance evaluation on the ranking task was 60.13% and 57.19% correct
for the 30,000 training and 20,000 testing pairs, respectively. Since the estimation
task of the follower number from logo images is generally difficult, these results, in
which RankNet was used to determine the superiority between two logo images with
about 60% accuracy, are considered to have higher performances than expected. The
results of the learning-to-rank task suggest that the logo image and the number of
followers contain elements that provide a correlation. Therefore, from the experiment
of estimating relative popularity from logo images, I found that deep learning-to-rank

can effectively extract features as representation learning in image analysis.

2.7.4 Additional Experiments by Regression

I estimate the absolute popularity from a logo image by regression, as another es-
timation task different from the relative popularity estimation by learning to rank.
Regression estimates the absolute number of followers for the input logo images with
deep learning. The model of the CNN backbone is used DenseNet-169. The regres-
sion loss function uses standard mean squared error (MSE). The same logo images in
the experiment of learning-to-rank are used as the training, validation, and test sets.
For the same reasons as in Section 2.7.2] T also used log-transformed the number of
followers during training and testing.

Figures. (a) and (b) are scatter plots of ground truth (GT) and prediction
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Figure 2-7: Prediction result of the number of followers from logo images.

result (PR) for the training and test samples, respectively. The black lines are the
linear regressions obtained from GT and PR. The linear regression results show that
GT and PR are weakly correlated, which means that the number of followers can be
predicted to some extent (at least not impossible). For the training and test sets,
the Pearson correlation coefficients for GT and PR are approximately 0.64 and 0.23,
respectively. The test set correlation is not very strong, but the training set confirms
that GT and PR are correlated. Also, p of correlation coefficients for the training
and test sets were almost zero. In addition to the ranking task, experimental results
from the regression task also showed that the number of followers can be estimated

with good performance to some extent.

Furthermore, the accuracy of the relative popularity was determined using the
absolute value of the number of followers estimated by the regression, with the same
dataset as the image pairs used in the ranking task. The regression obtained the
accuracy of the relative popularity of 71.9% and 57.8% for the training and test
pairs, respectively. RankNet had almost the same relative popularity in test pairs
compared to the regression. This result indicates that deep learning-to-rank has the

same effective feature extraction as conventional deep regression in ranking tasks.
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2.7.5 Conclusion

In this research, to confirm the effectiveness of applying deep learning to learning-
to-rank, I explored the correlation between logo images and the number of Twitter
followers in logo image analysis. Since the experimental results of the learning-to-
rank task showed some follower estimation performance, I confirmed the effectiveness
of implementing a learning-to-rank framework with CNNs. Thus, the results of the
learning-to-rank task indicate that the logo image and the number of followers con-
tain factors that give a correlation. Therefore, I found that deep learning-to-rank
could effectively extract features in image analysis from the experiment of relative

popularity estimation from logo images.
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Chapter 3

Medical Image Annotation for

Learning to Rank

3.1 Disease Severity Score for Medical Image Diag-

nosis

Annotation in medical image analysis is closely related to the medical image diagnosis
by medical experts in clinical practice. Here, we pick up disease severity scores
as a typical annotation in medical image diagnosis. The disease severity scoring
task is mainly an ordinal classification task by medical experts. For example, the
Mayo Endoscopic Score (MES), which is a severity score for ulcerative colitis (UC),
is defined as normal, mild, moderate, and severe. According to Schroeder et al. [46],
these categories have an ordinal relationship. The severity score is a discrete value,
whereas the severity of the disease varies continuously. Therefore, medical experts
determine each severity score by looking for landmarks that can be used as indicators
of the score. For example, if there is erosion, the score is determined as Mayo 2.
The severity score is important information for determining the treatment plan and

understanding the disease’s status.

41
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These medical imaging severity scores are valuable indicators but also have prob-
lems. The main problem is that detailed information is lost when discrete scores
represent disease severity. The discrete scores cannot represent detailed quantitative
information. Discrete scores may be expressed as scores for apparent changes (e.g.,
the intensity of erythema, amount of bleeding), but they are qualitative evaluations
from images, not quantitative evaluations. In addition, because multiple landmarks
often determine the score, it does not represent an index for a specific finding, such
as bleeding or ulcer size. Therefore, medical experts do not make treatment decisions
based only on severity scores but also on detailed information from imaging findings.
Therefore, many discrete severity scores used in clinical practice are important indica-
tors for consistent treatment, but they also do not accurately represent the disease’s

original severity.

3.2 Three Annotation Methods for Medical Images

Three annotation methods for learning to rank are described in medical image anal-
ysis. The figure 2-3] of three annotations for learning to rank in Section shows an
example of severity annotation for endoscopic images of ulcerative colitis. The ground

truth for learning to rank is attached to a medical dataset by medical experts.

The absolute annotation for medical images

The absolute annotation is a standard method that attaches a single label to a medical
image. A severity score is attached to an image as a label in the disease severity
estimation task. In medical image analysis, the annotation uses medically defined
scoring for the target disease, which is the score that medical experts generally use
in their practice. Therefore, because the labeling is used to determine the treatment
strategy accurately, the annotator requires sufficient knowledge and experience with
the target disease. In addition, as mentioned in Chapter [1], it is difficult for medical

experts to accurately attach absolute labels to medical images because the continuous
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disease severity is attached as a discrete severity by absolute annotation. As long
as absolute annotation is used to create datasets for deep learning, the issues of

annotation cost and labeling errors are invariably encountered.

The relative annotation for medical images

The relative annotation attaches the ground truth label of the ordering relationship
between two medical images. The main ordering criterion is the relative disease
severity in medical image analysis. In clinical practice, medical experts compare a
given point in time of the disease to past conditions to determine changes over time.
This is a similar task to determining relative annotations. For example, in a patient
with a disease that repeats inflammation and remission, the change in the disease state
is checked by comparing the images taken as a follow-up observation. In addition,
changes between images taken before and after medication are observed to determine
the effectiveness of the treatment. Relative annotation is much easier than absolute
annotation because the annotator does not have to identify discrete severity levels for

difficult samples with intermediate severity, such as level 1.5.

The total order for medical images

The total order is an annotation that attaches ordinal information to the entire med-
ical image dataset. For example, this annotation is an operation to sort 10000 images
of a disease in order of severity. The total order is an operation that medical experts
rarely have the opportunity to perform in clinical practice. Because it is necessary
to judge slight differences in severity, The total order should be performed by skilled

medical experts with abundant clinical experience.
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Table 3.1: Comparison of three annotations for learning to rank in medical image
analysis.

. Medical Ordinal Annotation Imbalance
Annotations o : . .
definition information cost impact
Absolute yes low high no
Relative no high low yes
Total order no very high very high no

3.3 Comparison of Annotation Methods for Medical

Images

In this section, I compare the three annotation methods in medical image analy-
sis. Table shows the comparison of the three annotations for learning to rank
in medical image analysis. “Medical definition” indicates that the scoring conditions
are defined as medical findings. “yes” means that the decision is based on medical
findings, and “no” means that the decision is based on the medical expert’s intu-
ition. “Ordinal information” represents the amount of ordinal information contained
within the dataset. “Annotation cost” represents the time required to annotate an
image, pair, or list once. Note that the annotation cost depends on the skill level
of the medical expert, so it is assumed that an experienced medical expert performs
the annotation. “Imbalance impact” represents whether an imbalance increases by
annotation if the dataset has an imbalance.

The advantage of absolute annotation is that labels are clearly defined as medical
standards, such as disease classification and severity. For example, the MES at UC
defined erosion, ulcer, and so on as landmarks for judgment. Because these are defined
as medical findings, the validity of the labeling judgment is medically guaranteed.

The disadvantage of absolute annotation is the high annotation cost for detailed
annotation. There are three main reasons for the high annotation cost. First, the
labeling criteria are based on medical standards, so annotations must be performed

by medical experts who have sufficient knowledge of the disease. The second is that it
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takes time to find the landmarks because they must be found in the image. Third, a
disadvantage of absolute annotation is the low reproducibility of annotations because
continuous changes in lesions are converted into discrete scores. For example, many
intermediate lesions between scores 1 and 2 are found, such as score 1.5. Thus absolute

annotation can lead to variability in results.

The first advantage of relative annotation is that comparing two images is easy,
and the annotation cost is low for one pair. For example, comparing the severity of
two images, the image with more collapsed tissue can be intuitively judged as severe.
The images can be considered equal in the case of similar disease severity. Thus, the
labeling decision can immediately be made because there is no need to search for
landmarks as severity indicators. Second, relative annotations can create a dataset
with more ordinal information than absolute annotations. Relative annotation allows
ordinal information according to differences in severity, even between images attached

to the same class in the absolute annotation.

There are two main disadvantages of relative annotation. First, the number of
annotations quadratically increases as pairs are created. N(N —1)/2 image pairs can
be created from N images. For example, about 50 million pairs can be created from
10,000 images. Therefore, it is practically impossible to annotate all pairs created
from the dataset in relative annotations. Second, pair creation increases the influence
on the imbalance of the dataset. When the imbalance is significant, most pairs are
created from major classes. In addition, because the class imbalance cannot be known
in the relative annotation, class imbalance mitigation cannot be performed before the

pair is created, such as re-sampling.

The advantage of the total order is that it can attach the most ordinal information
to the dataset of all the annotation methods for learning to rank. Therefore, ranking
models can achieve high predictive performance by using the dataset attached to the

total order for learning to rank.

Datasets with total order have much ordinal information but also many disadvan-
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tages. There are two main disadvantages to the total order. The first is that the
annotation cost is very high. For example, it is a very burdensome task to order
10,000 medical images in severity order by medical experts. Second, the reproducibil-
ity of the overall order is low. The overall sample order of the dataset is never the
same among medical experts. Therefore, there is no way to guarantee the ordinal
quality of the dataset other than to have the dataset created by experienced medical
experts.

Relative annotation is the most suitable for medical image annotation among these
three annotation methods. Relative annotation is easy to annotate a pair of images,
and there is low variability in the annotation results. Relative annotation has the
potential to reduce annotation costs in medical image dataset creation. Therefore,
this thesis focuses on relative annotation and explores learning to rank for medical
image analysis. In addition, this thesis also investigates the issue of increasing the
number of pairs in relative annotation and the selection of effective pairs for class-

imbalanced datasets.

3.4 Related Work of Relative Annotation

Some studies on learning to rank with relative annotation have been reported in im-
age analysis. The ranking task is often converted to age estimation task [47, 48] [49]
and medical analysis task [50, 51}, 52} 53] based on a previous study [54]. These stud-
ies use binary classification to determine if the input sample is larger than a certain
level. These studies cannot take advantage of relative annotations, which I focus on
because they require absolute annotations. Learning to rank with relative annota-
tion is used to predict relative attributes, which indicates the strength of attributes
between images [55], 56, 57, 58]. These studies estimate visual relative attributes to
general images by learning to rank, not applying them to medical image analysis.

Several studies using relative annotation in medical image analysis have been
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reported [59, 60]. Kalpathy-Cramer et al. [59] showed, using a fundus image dataset
of retinopathy of prematurity that absolute annotation that absolute annotations
have high variability among annotators, whereas relative annotations have a high
consistency among annotators. Furthermore, their study points out that ranking
scores estimated using relative annotations can be helpful as continuous severity scores
for diseases in clinical practice. However, their study did not apply deep learning to
learning to rank and did not demonstrate sufficient performance in estimating disease
severity. Their trained model only can estimate ranking scores and cannot be used
for disease severity classification.

Saibro et al. [60] also demonstrated that relative annotation has a lower label
error rate than absolute annotation using ultrasound images of nonalcoholic fatty
liver disease. In addition, their study examined transforming a ranking task into a
binary classification task by determining a threshold on the ranking score by medical
experts. However, although their study uses deep learning-to-rank, their method can
not be applied to multi-class classification. Furthermore, the ranking score threshold
for binary classification is subjective; thus, the classification performance can vary by
the annotator.

The deep learning-to-rank with relative annotation examined in this thesis differs
from their studies in three main respects. First, I focus on reducing annotation costs
as an advantage of relative annotation. Second, I adapt learning to rank with relative
annotation to multi-class classification using a method that calibrates ranking scores
to disease severity scores. Third, I explore an active learning method that selects
high-learning effectiveness pairs to address the increased number of pairs that can be

annotated, which is an essential issue for relative annotation.
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Chapter 4

Efficient Severity Estimation with

Relative Annotation

4.1 Purpose

In this chapter, I explore the application of learning to rank with relative annotation
to medical image analysis. This chapter focuses on the fact that relative annotations
are easier and take less time per annotation than absolute annotations. I show that
learning to rank with relative annotation can reduce the cost of annotating medical
images. Furthermore, to apply learning to rank to clinical practice, I propose a
method to transform learning to rank with relative annotation into a regression task
by calibration with a small number of absolute annotations.

As shown in Fig. (a) in Chapter [2 the annotator attaches absolute disease
levels to each image in absolute annotations. The absolute disease levels are defined
based on medical findings. The disease severity can be estimated using regression and
classification methods from a dataset annotated by these standards.

The task of accurately attaching discrete absolute severity levels to disease severity
is difficult even for medical experts. The reason is that disease severity is inherently

continuous, with gradual changes in tissues and organs, and discrete level annotations
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Figure 4-2: Overview of the proposed method.

such as absolute levels always result in quantization errors. For example, even if
discrete annotations such as four levels of 0, 1, 2, and 3 are requested for disease
severity, a severity image such as "level 1.5" could easily be found. Medical experts
also consider the variability in determining disease severity due to quantization errors
to be an issue in their medical practice. There are also reports of variability in levels
among annotators and even within the same annotator [61].

The relative annotations shown in Fig. [2-3|(b) in Chapter are simple annotations
that do not require determining discrete severity levels like absolute annotations. In
relative annotation, given two images (x;, x;), the annotator specifies the image with

the higher severity. This task is much easier than compared to absolute annotations
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and is even more accurate, especially when the difference in severity levels of the
paired images is clear. Thus, the relative annotation has the potential to substantially

reduce the difficulty of annotating a large number of images.

Given a dataset with the relative annotation, I can automatically estimate severity
level by training a ranking function f(z). Figure (a) shows the so-called bipartite
ranking problem idea. The basic objective of this problem is to train a function f(z)
that maximizes the number of sample pairs whose relative annotation is “satisfied.”
Specifically, suppose a pair of images x; and x; and a relative annotation that z; has
a higher level (i.e., ranking order) than z;. Then, when f(x;) > f(z;), the annotation
x; > x; is satisfied.The learned function f is expected to be relative to the original

(continuous) disease level, and f enables relative severity estimation from two images.

The relationship between the original image’s features and the disease’s severity
is generally nonlinear, so the function f should be highly nonlinear to satisfy the
relative annotations as much as possible. Therefore, I use representation learning
with a convolutional neural network (CNN) to obtain highly nonlinear f. Figure
(b) shows the nonlinear f by representation learning using CNN. The curve with
the thick green arrow is the nonlinear f. The dotted line indicates the isolation of

samples with the same rank value.

Furthermore, it should be noted that the above-ranking function still needs to
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be improved for practical diagnosis in clinical practice. This is because although
f can estimate the order among samples, f does not express absolute severity. In
other words, if there is only one sample to be estimated, the obtained value itself
has no specific meaning for diagnosis, and f cannot be used in clinical practice. For
example, when realizing a ranking function f for the ulcerative colitis (UC) diagnosis
by endoscopic images, the f value has no apparent relationship to a standard severity
level such as the Mayo score. If we estimate UC severity from endoscopic images x;
and x; with Mayo scores of 0 and 2, we cannot estimate Mayo scores, while we might

estimate rank scores —100 and 35 that “satisfy” the severity order.

In this chapter, I propose a multi-task learning method using a large amount
of (easy) relative annotations and a small amount of (costly) absolute annotations
to obtain a calibrated ranking function f(z). As shown in Fig. (¢), the ranking
function f obtained by the proposed method satisfies the relative annotation y ~ f(z)
while satisfying for a sample x with absolute annotation y. The ranking function f can

estimate real-valued absolute levels (e.g., Mayo scores) for all samples by calibration.

Figure shows the three steps of the proposed method. In the first step, as
shown in Fig. (b), an initial ranking function is obtained by learning to rank using
only relative annotations. In the second step, a small number of samples are selected
based on the estimated ranking scores, and absolute annotations are attached to these
samples by humans (e.g., medical experts). In the final step, as shown in Fig. [4-3] the
ranking function of Step 1 is calibrated by multi-task learning using learning-to-rank
and regression. The calibrated ranking function f gives real-valued disease severity
levels. If the target severity level is discrete, the scores can be quantized to several
levels, such as mayo 0, 1, 2, and 3. In other words, the calibrated ranking function

can be regarded as a severity classifier.

I evaluated the performance of the proposed method by a classification task to
estimate the UC severity level. Specifically, I used the proposed method to obtain

f that estimates the Mayo score of an endoscopic image x, where the Mayo score is
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represented by discrete values from 0 (normal) to 3 (severe). The f trained by the
proposed method achieved higher classification performance (accuracy and F1 score)
with much less annotation than the conventional multi-class classification method.

The main contributions of this chapter are summarized as follows:

1. The research I have conducted is the first attempt to use learning-to-rank with
relative annotation to reduce the annotation cost for medical image datasets

substantially.

2. I developed a new multi-task learning method that calibrates rank scores, which

are relative severity, to absolute disease severity levels.

3. Through the UC severity classification task experiments, the proposed method
was demonstrated to have equal or better classification performance than the
conventional multi-class classification method, with an annotation cost of less

than 1/10.

4.2 Related Work

Recently, there have been studies supporting endoscopic imaging diagnostics using
machine learning. Endoscopy is used as an effective visual diagnostic test for gas-
trointestinal diseases. A medical expert must diagnose endoscopic images, and many
studies have performed automated diagnosis using machine learning as a supplemen-
tary role to reduce the burden on medical experts. For example, as classification
tasks, studies on automatic diagnosis have been reported, such as gastric cancer
classification [62], 63 [64], gastric precancerous disease classification [65] 66], and col-
orectal cancer classification [67, 68]. As detection tasks, there have been reports of
polyp detection [69, [70, [7T] and early gastric cancer detection [72, [73]. Studies have
also been conducted using capsule endoscopy images for automatic anomaly detection

tasks [74, [75,[76]. These machine learning studies for endoscopic image analysis aim at
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high diagnostic performance on classification, segmentation, and anomaly detection

but not at annotation cost reduction for dataset creation, as in this chapter.

Much research on the automatic estimation of UC severity levels using deep learn-
ing has been reported. UC is a diffuse non-specific inflammatory bowel disease with
repeated relapses and remissions in the colon. Accurate assessment of treatment ef-
fectiveness is critical because the type and dose of therapeutic medicines are adjusted
according to the condition of patients with UC. Therefore, UC severity estimation by
deep learning is expected to support medical doctors for accurate level determination.
On the other hand, UC severity estimation by deep learning requires annotation on

many endoscopic images for training.

There are many studies to detect UC severity by endoscopic video frames auto-
matically [77, [78, [79, 80, 81, 82]. Takenaka et al. have studied the estimation of UC
severity in biopsy images from endoscopic images [83]. Gottlieb et al. and Luo et al.
proposed a method to estimate UC severity levels using CNN and a recurrent neural
network (RNN) [81) [84]. The primary purpose of these methods is to estimate UC

severity accurately, and the studies are not focused on reducing annotation costs.

There are also reported UC severity estimation studies that have explored re-
ducing annotation costs. Turan et al. proposed a method using data augmentation
to generate UC endoscope images using a generative adversarial network (GAN) to
reduce annotation costs [85]. Schwab et al. proposed an automatic UC severity esti-
mation method to assess treatment effectiveness [86]. Their method employs weakly
supervised learning, as it would be too costly to annotate every captured image fully.
On the other hand, unlike our method, the methods of Turan et al. and Schwab et
al. use only absolute annotation and do not solve the issue of label variability and

annotation difficulties, as described in Chapter [2]
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4.3 Learning to Rank with Calibration

4.3.1 Two Types of Ground Truth Labels

This chapter treats two types of ground truth labels for learning: absolute labels
(AL) and relative labels (RL). AL is the ground truth attached to a single image
by absolute annotation, and RL is the ground truth attached to two image pairs by
relative annotation. As shown in Fig. [4-2] the proposed method first attaches RLs to

a large number of image pairs and second attaches ALs to a small number of images.

4.3.2 Overview

The proposed method consists of three steps. In Step 1, I first train the initial ranking
function by using learning to rank with RLs. In Step 2, I select small samples from
the training data to annotate them regarding ALs. The samples are selected using
the ranking function trained using the RLs. In Step 3, I finally carried out multi-
task learning with RLs and additionally and adaptively prepared ALs, for calibrating
the ranking function to more meaningful disease-severity levels. An overview of the

proposed method is shown in Fig. -2

Before providing further details of the above steps, two important aspects should
be clarified. First, the rank score by the ranking function in Step 1 is not a disease-
severity level, and thus the calibration of Step 3 is necessary. Second, an AL is
not given in advance but given after the ranking function is obtained using RLs.
This provides a more appropriate choice of samples where ALs should be attached,

resulting in more accurate severity-level estimation with less AL annotation cost.
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4.3.3 Details

Learning to rank

In Step 1, I train the initial ranking function using learning to rank. The ranking
function f(z) is trained with a CNN for the representation (i.e., feature extraction)
that is suitable for the ranking. A CNN is composed of multiple convolutional layers,
a single fully connected layer, and a single output node to give a single scalar value
f(z). This can be considered a powerful extension of the classical RankNet [14],
where a linear ranking function is trained using a very shallow neural network.

The CNN is trained using sample pairs with RLs. For training, I input two images
to two CNNs with shared weights and then minimize the loss for the pair. Specifically,
where P is the set

7-]
rank?

the CNN is trained with the loss function L, = Z(i, ier L

]

of sample pairs. The function L

« 1s defined as a cross-entropy,

Lyl =—P,;log Py — (1— Pyj)log(l — P;;), (4.1)

rank
where P;; = sigmoid(f(z;) — f(z;)) and P; is an RL of the image pair (x;, ;).

Sampling for absolute annotation

In Step 2, small samples are selected from the training data and attached ALs. As
noted above, the proposed method assumes that the samples to which ALs are at-
tached are selected after f(z) is estimated. This is more reasonable than, for example,
a random selection because I can select samples that are expected to be more neces-
sary for the calibration step by using the clues from f(z).

Figure shows the selection method of samples for AL annotation. The line
circles indicate the training data, and the red circles indicate the training data to be
selected for attaching absolute labels. To select a small number of samples, I first
obtain the rank score of the training samples using f(z) and represent the rank score

of the training data as a point on a number line. Next, I select M (< N) samples at
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Figure 4-4: Selection of samples for AL annotation.

equal intervals on the number line within the maximum and minimum rank scores.

Finally, absolute annotations attach ALs to the selected M samples.

Multi-task learning

In the final Step 3, the proposed method calibrates the ranking function to give the
absolute severity score. This calibration process can be seen as a fine-tuning process
of f(z) so that the output of f(z) becomes closer to the AL of . At the same time,
I need to be careful that the fine-tuning process does not destroy the sample ranks
learned in f(z). These two requirements result in multi-task learning to fine-tune
f(@).

As shown in Fig. , the multi-task learning combines regression to make y ~ f(x)
for the sample = with AL and learning to rank for the pairs (z;,x;) with RL. The
loss function of learning to rank is the cross entropy of Eq.. The loss function for
regression, Lyeg = D iep L% is defined by adding the mean squared error (MSE)

loss function for each sample pair,
Liéjg = (fxi) —w)* + (f(z5) —5)*, (4.2)

where y; and y; are the ALs attached by the absolute annotation of z; and xz;, re-
spectively. Furthermore, the multi-task loss function L,; is defined as the sum of

the loss functions of learning to rank and regression,

Lmulti = Lrank + >\Lrega (43)



58 CHAPTER 4. SEVERITY ESTIMATION WITH RELATIVE ANNOTATION

where A is a hyper-parameter to balance the losses. The trained multi-task f(x) is
expected to be a ranking function corrected for the region of severity levels in the
feature space optimized by representation learning, as shown in Fig. (c). Note
that, in Step 3, I only use M samples with ALs. Therefore, L ., in Eq. is
minimized with the RLs of M (M — 1)/2 pairs.

Finally, the calibrated rank score f(x) is quantized into the nearest discrete disease
severity level as the classification result of x. For example, with the severity levels

€ {0,1,2,3}, the level becomes 3 for z whose f(z) = 2.7.

4.4 Experiments and Results

4.4.1 Dataset

I used 10,265 colonoscopy images of UC from 388 patients at Kyoto Second Red Cross
Hospital as the dataset. These images were taken from multiple patients (including
healthy participants). The images have different sizes and therefore were resized to
224 %224 pixels.

Figure shows several examples of each of the four levels of Mayo, which is the
standard disease severity score for UC. According to Schroeder et al. [46], Mayo 0
is normal or endoscopic remission. Mayo 1 is a mild level showing erythema (i.e.,
abnormal redness), a decreased vascular pattern, and mild friability. Mayo 2 is a
moderate level showing marked erythema, an absent vascular pattern, friability, and
erosions. Mayo 3 is a severe level with spontaneous bleeding and ulceration. AL is a
disease severity level as generally defined in medicine. Therefore, since this chapter
uses the UC endoscopic image dataset, AL corresponds to one of the four Mayo scores.

Although our method does not require a dataset with full ALs, medical experts
attached ALs to all samples for a quantitative performance evaluation. Specifically,
a four-level Mayo score is carefully attached to each colonoscopy image by multi-

ple medical experts. The dataset contains 6,678, 1,995, 1,395, and 197 samples for
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Mayo 0

Figure 4-5: Colonoscopy image examples with different UC levels.

Mayo 0, 1, 2, and 3, respectively. Note that it is common to have such a heavily

imbalanced dataset for colonoscopy, as well as other medical image diagnosis tasks.

In the following experiments, five-fold cross-validation was performed. The colonoscopy
images were divided into 60%, 20%, and 20% for patient-disjoint training, validation,
and test sets, respectively. Note that I divide all images into training, validation,
and test sets to have the same severity proportion for keeping a fair and practical

evaluation scenario.

I carefully control several conditions for a fair comparison with a conventional
method (detailed later). First, I used the same number of annotations for the con-
ventional and proposed methods. More precisely, the conventional method uses 8,212
images-(80% of the entire data) with AL for training, and the proposed method uses
8,212— M pairs with RL at Step 1, and M images with AL at Step 3. This condition
is a handicap for the proposed method because AL has more information than RL in
the classification task. Nevertheless, I adopted this condition so that the conventional

method would not be disadvantaged.

Second, I allow over/under sampling for class imbalance removal to the conven-
tional method but not the proposed method. This is because the conventional method
has ALs for all samples; thus, such sampling is possible, whereas the proposed method

does not. This condition will be another large handicap for the proposed method.
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Table 4.1: Comparison of ground-truth labels and annotation time for each method.

Method RL AL Time (sec)’
Conventional - 8,212 164,240
Proposed 8212—M™ M™  82124+19M™
" RL: 1 (sec/pair), AL: 20 (sec/image)

" M = 50, 100, 200, 300, 400

4.4.2 Effects of Annotation Cost Reduction

Table shows the number of ground-truth labels (RL and AL) and the annotation
time for each method. In our interview with endoscopists, AL labeling takes 20
seconds per image, and RL labeling only takes (less than but roughly) one second.
For the case M = 400, this indicates that the proposed method requires just 10% of

the annotation time of the conventional method.

4.4.3 Implementation

The implementation environment is shown as follows. I used an Intel(R) Core(TM)
i9-10980XE 3.00 GHz as the CPU and two NVIDIA TITAN RTX 24 GB as GPUs
for training. I wrote the code in Python 3.6 and used Tensorflow 1.13.1 and Keras
2.2.4 as the deep learning library. The CUDA version was 10.0. I used Adam as the
optimizer to train the weight parameters. The learning rate was set to 5x107¢. The
learning was terminated by the early stopping rule (no decrease in validation loss for
20 epochs). For A in Eq., I examined the range of 0.001 to 1 and had the highest
Fl-score at A = 0.01 for the validation set.

I used DenseNet-169 [87] as the CNN. DenseNet has been widely used in various
medical-image classification and analysis tasks due to its state-of-the-art performance

(e.g., [B8, [8Y]).
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4.4.4 FEvaluation Metrics

The proposed method is evaluated in four-Mayo class classification performance by
accuracy, recall, precision, and F1-score. Recall that the class is determined by quan-
tizing the rank score into its neighboring level, e.g., 2.7 — 3. I leave the test samples
imbalanced to mimic realistic medical situations. To avoid the under/over-estimation

risk of the accuracy values in the imbalanced situation, Fl-score is also employed.

4.4.5 Comparison Method

The performance of the proposed method was compared with the conventional CNN-
based multi-class classification method. DenseNet-169, trained by the standard cat-
egorical cross entropy, is used for this comparative method. As for the training data,
all 8,212 training samples are used with their ALs. This means that it uses all of the
AlLs.

4.4.6 Classification Performance Results

Table shows the classification performance of the proposed method at M = 400.
The proposed method achieves a higher F1-score than the conventional method. This
result shows that the proposed method achieves even higher classification performance
than the conventional method, although the proposed method only needs the 1/10
annotation cost of the conventional method.

I evaluated the performance of the proposed method for severity classification
with various numbers of ALs (M = 50, 100, 200, 300, and 400). Figure shows the
performance evaluation results with the proposed method using different numbers of
ALs. Acc and F1 represent accuracy and Fl-score, respectively. The Fl-score in-
creases as the number of ALs increases. From M = 300, the F1-score of the proposed
method is higher than that of the conventional method. The accuracy of the pro-
posed method is higher than that of the conventional method for M = 200 and over.
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Table 4.2: Classification performance evaluation of the conventional and proposed
methods.

Method Class Precision Recall Fl-score

Mayo 0 0.901 0.747  0.817
Mayo 1 0.394 0.675  0.498
Conventional Mayo 2 0.764 0.443 0.561
Mayo 3 0.252 0.635 0.360
Overall 0.578 0.625  0.559
Mayo 0 0.864 0.840  0.852
Mayo 1 0.416 0.463 0.438
Proposed Mayo 2 0.643 0.606  0.624
Mayo 3 0.368 0.432  0.397
Overall 0.572 0.585 0.578

Therefore, the proposed method achieved higher performance than the conventional

method when the number of ALs is more than M = 300.

4.4.7 Ablation Study

I examined the effect of calibration on rank scores by multi-task learning with the
proposed method. Specifically, I verified the effect by comparing the classification
performance between calibrated and uncalibrated cases. To determine the classifica-
tion result for the uncalibrated case, I defined the range of the rank score for each
Mayo score by logistic regression using M = 400 ALs, which were used for multi-task
learning, for a fair comparison.

Figure shows box-plots for each correct Mayo score of test samples by (a) the
uncalibrated case and (b) the proposed method. The horizontal and vertical axes
correspond to the correct Mayo score attached by the annotators and the rank scores,
respectively. The rank scores obtained with the proposed method are located nearer
to the Mayo score range of 0 to 3 than those with the uncalibrated case. Therefore,
these results indicate that the rank scores are calibrated with the ALs as the anchor
by using regression as the anchor task in multi-task learning.

Table shows the results of the performance evaluation for the uncalibrated
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Figure 4-6: Classification performance evaluation of the proposed method using dif-
ferent numbers of ALs. In the conventional method, 8,212 ALs are used.
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Figure 4-7: Box-plots of test set’s rank score obtained with (a) the uncalibrated case
and (b) the proposed method. ‘M0’ denotes Mayo 0.

case. The overall precision, recall, and F1-score of the uncalibrated case were lower
than those of the proposed method. Comparing the Fl-score for each class, Mayo 3
was particularly low with the uncalibrated case, indicating an imbalance in the clas-

sification performance for each class.

Figure shows the confusion matrices of the classification results using the
uncalibrated case and the proposed method. Compared with the proposed method,
the uncalibrated case had a higher rate of incorrectly predicting Mayo 2 and Mayo 3

as Mayo 1 and could not accurately classify images with high severity. These results
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Table 4.3: Classification performance evaluation of the uncalibrated case.

Method Class Precision Recall Fl-score

Mayo 0 0.892 0.873  0.882
Mayo 1 0.439 0.625 0.516
Uncalibrated Mayo 2 0.728 0.422  0.535
Mayo 3 0.229 0.086 0.124
Overall 0.570 0.502  0.514
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Figure 4-8: Confusion matrices of (a) the uncalibrated case and (b) the proposed
method.

indicate that the calibration effect improves the performance of classifying images

with high severity and that the proposed method has higher performance than the

uncalibrated case.

4.5 Limitation

There are three main limitations of the proposed method. First, the number of pairs
increases quadratically with the number of samples in the experiments of Step 1
in Fig. [4-2] an essential issue for relative annotation. The number of annotatable
pairs for NV samples increases to N(N — 1)/2. Therefore, it is practically impossible

to annotate all pairs when the number of samples is large. Although N pairs were
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selected randomly from N samples, it is necessary to consider a more effective method
for creating pairs.

Second, the relative annotation of Step 1 in Fig. cannot deal with class im-
balance. Relative annotation compares the severity of two samples and thus cannot
determine the severity proportion in the entire dataset. Therefore, it is impossible to
balance by over-sampling or under-sampling based on the severity proportion or ad-
just the loss function by the class weights to deal with class imbalance when learning.
Since the proposed method can not address the class imbalance in relative annotation,
a ranking function with high accuracy can not be obtained. Therefore, it is necessary
to consider pair-creation methods that address the class imbalance.

Third, in the experiments of Step 3 in Fig. it takes a long time to train a model
because all combination pairs were created from the sampled images of Step 2. For
example, the number of pairs that can be created was about 80,000 pairs for M = 400.
When using all combination pairs in training, the proposed method is limited in
the number of samplings in Step 3 in terms of computational cost. Therefore, it is
necessary to consider a method to create pairs with high-learning effectiveness, even

in multi-task learning in Step 3.

4.6 Conclusion

I proposed a multi-task learning method that combines learning to rank with regres-
sion for automatically estimating UC severity levels (Mayo scores). The proposed
method has a strong advantage in substantially reducing annotation costs by using
relative annotations instead of costly absolute annotations. Our experimental result
shows that the proposed method achieved even higher classification performance (ac-
curacy and Fl-score) than the conventional classification method while requiring just
1/10 annotation costs.

Future work will involve the proposal of a new continuous-valued UC severity level.
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Currently, I discretize the regression result into four levels to follow the traditional
Mayo-based evaluation. However, the regression result can show an intermediate
score, such as Mayo 1.75 by itself. Our continuous severity score can be an accurate
and precise alternative to Mayo through discussion with the medical expert commit-

tee.



Chapter 5

Deep Bayesian
Active-Learning-to-Rank for Medical

Images

5.1 Purpose

In this chapter, I address the optimal pair selection issue for relative annotation. The
previous chapters have demonstrated that learning to rank by relative annotation
can substantially reduce the annotation cost in medical image analysis and achieve
higher performance than conventional multi-class classification methods. This chapter
focuses on the issue that the number of pairs that can be attached to a label is too
large for relative annotation, and thus pairs must be selected that are appropriate for
the high learning effect.

Relative annotation is expected to be a promising annotation for image-based
severity estimation with lower annotation cost than absolute annotation. Absolute
annotation, which attaches a discrete label to a single image, is considered difficult
even by medical experts because there are often images of intermediate severity be-

tween each discrete level. On the other hand, relative annotation, which attaches

67
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labels by comparing the severity of two images, is easier and has less variability.

However, as described in Section[£.5] the relative annotation has the issue that the
number of pairs increases quadratically with the number of images. Image analysis
using deep learning requires a large amount of training data. The number of pairs
becomes too large when the number of collected images is significant, and thus it is
difficult to annotate all pairs in practice. Therefore, it is important to select pairs

with high learning effectiveness for relative annotation.

The relative annotation also has the issue that it cannot deal with the class im-
balance in the dataset when creating pairs for annotation. A naive sample selec-
tion strategy when pair creation is a random selection, and the pair creation on
class-imbalanced datasets increases the number of pairs consisting of samples in the
majority class. In other words, the random selection easily overlooks minority but
important samples, which often appear in medical applications. It is necessary to
select samples to mitigate the class imbalance of the training dataset when creating

pairs for relative annotations.

In this chapter, I propose a deep Bayesian active-learning-to-rank that fully max-
imizes the efficiency of relative annotation for efficient image-based severity estima-
tion. The technical novelty of the proposed method is to introduce an active learning
technique into the learning-to-rank framework for selecting a less number of effective
sample pairs. Active learning has been studied [90] and generally takes the following
steps. Firstly, a neural network is trained with a small amount of annotated samples.
The trained network then suggests other samples to be annotated. These steps are

repeated to have enough amount of annotated training samples.

For suggesting important samples to be annotated, I employ an uncertainty of the
samples. If I find two samples with high uncertainty about their rank score, a new
relative annotation between them will be useful to boost the ranking performance. For
this purpose, I employ Bayesian CNN [91] to realize a ranking function because it can

give an uncertainty of each sample. In summary, our deep Bayesian active-learning-
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to-rank uses Bayesian CNN to rank with representation and uncertainty-based active
learning.

As an experimental validation of the efficiency of the proposed method, I per-
form UC severity estimation using approximately 10,000 endoscopic images collected
from the Kyoto Second Red Cross Hospital. Quantitative and qualitative evaluations
clearly show the efficiency of the proposed framework. Especially, I reveal that the
proposed method automatically selects minority but important samples.

The main contributions of this chapter are summarized as follows:

e [ propose a deep Bayesian active-learning-to-rank that can rank the image sam-
ples according to their severity level. The proposed method can automatically
select important image pairs for relative annotation, resulting in learning with

a less number of relative annotations.

e Through UC severity estimation experiments, I demonstrated that the proposed
method could suppress the number of relative annotations while keeping ranking

performance.

e [ also experimentally confirmed that the proposed method shows robustness to

class imbalance by its ability to select minor but important samples.

5.2 Related Work

Deep learning requires a large amount of training data, but annotating all the un-
labeled data can sometimes be difficult. In this situation, active learning that se-
lects and annotates unlabeled data with a high learning effect is suitable. Active
learning is mainly diversity-based sampling and uncertainty-based sampling. Many
diversity-based sampling methods have been proposed for active learning in image
analysis [92), 03] 04 [95]. These methods select high-diversity samples that are not

similar from different clusters or that are distant from each other in feature space.
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However, these methods are used for absolute annotation and do not assume image

pair diversity for relative annotation.

Many uncertainty-based sampling methods have been proposed for active learning
in image analysis [91], 06l 07, 98, Q9] 100]. Gal et al. proposed active learning with
uncertainty based on Bayesian CNN [91]. The model uncertainty they proposed has
been adopted in many active learning methods. Nair et al. [99] proposed a method
using active learning for medical image analysis with uncertainty obtained from a
Bayesian CNN. This method deals with an orthodox classification task with absolute

annotation and thus does not assume any relative annotation and learning-to-rank.

Many active learning methods combine uncertainty-based and diversity-based
sampling [10T], 102, T03]. Uncertainty-based sampling selects under-trained samples
but selects more similar images. Diversity-based sampling selects samples that are not
similar but selects more samples that are easier to estimate with the model. There-
fore, many methods have been proposed to overcome the disadvantages and utilize

the advantages of each sampling method.

In the natural language process (NLP) field, Wang et al. [104] recently introduced
deep Bayesian active learning to learning-to-rank. Although their method sounds
similar to ours, its aim, structure, and application are totally different from ours.
Specifically, it aims to rank sentences (called answers) to fixed sentences (called a
query) according to their relevance. For this aim, its network always takes two inputs
(like f(x;,x;)), whereas ours takes a single input (like f(x;)). From these differences,
it is impossible to use it for the active annotation task and even to compare ours with

it.
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Figure 5-1: Overall structure of proposed deep Bayesian active-learning-to-rank for
severity estimation of medical image data.

5.3 Deep Bayesian Active-Learning-to-Rank

5.3.1 Overview

Figure [5-1] shows an overall structure of the proposed deep Bayesian active-learning-
to-rank. The proposed method is organized in an active learning framework using
Bayesian learning and learning-to-rank for severity estimation of medical image data;
experts progressively add relative annotations to image pairs selected based on the
uncertainty provided by a Bayesian CNN while training the Bayesian CNN based on
the learning-to-rank algorithm.

The deep Bayesian active-learning-to-rank consists of three steps. In Step 1, for
initial training, a small number of image pairs are randomly sampled from the unla-
beled image set and then annotated by medical experts. In Step 2, a Bayesian CNN
is trained with the labeled image pairs for estimating rank scores and the uncer-
tainties of individual training samples. In Step 3, images to be additionally labeled
are selected based on estimated uncertainties, having the medical experts annotate
the additionally selected images via relative annotation. Steps 2 to 3 are repeated K
times to train the Bayesian CNN while progressively increasing the number of labeled

image pairs.
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5.3.2 Details

More details of each step are explained as follows.
Step 1: Preparing a small number of image pairs for initial training. A
set with a small number of annotated image pairs D} is prepared for initial training
as follows. First, given an unlabeled image set comprising N unlabeled images, I
randomly sample r% of them (i.e., R = rN/100 image samples). Then, to form a
set of R pairs (instead of all possible R(R — 1)/2 pairs), one of the R — 1 samples
is randomly paired for each of the R sampleq'] Relative labels are attached to these
image pairs by medical experts. For an image pair (x;, ), the relative label C; ; is
defined by the three values (1, 0.5, 0) as described in Chapter [2] After this step, I
have the annotated image pair set D} = {(z;,z;,C;;)} and |D}| = R.
Step 2: Training a Bayesian CNN. A Bayesian CNN is trained as a ranking
function with the labeled image pair set DY. The CNN outputs a rank score that
predicts the severity of the input image and the prediction’s uncertainty. In training,
I employ a probabilistic ranking cost function [14] to conduct learning-to-rank with
a neural network and Monte Carlo (MC) dropout [105, 9] for approximate Bayesian
inference.

Let f(-) be a ranking function by a CNN with L weighted layers. Given an image
x, the CNN outputs a scalar value f(x) as the rank score of x. I denote by W, the [-th
weight tensor of the CNN. For a minibatch M sampled from D¢ the Bayesian CNN

is trained while conducting dropout with the loss function £, defined as follows:
L
Lym=— Y {CijlogP+(1—-Cij)log(l— P+ A Wil (5.1)
(4,7)EZMm =1

where Zy, is a set of index pairs of the elements in M, P, ; = sigmoid(f(z;) — f(x;)),

A is a constant value for weight decay, and || - || represents a Frobenius norm. In

!The strategy of making pairs is arbitrary. Here, I want to annotate all of the R samples at least
one time while avoiding O(R?) annotations and thus take this strategy.
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Eq. (5.1)), the first term is a probabilistic ranking cost function [14], which allows the
CNN to train rank scores, and the second term is a weight regularization term that can
be derived from the Kullback-Leibler divergence between the approximate posterior
and the posterior of the CNN weights [105]. The CNN is trained by minimizing the
loss function Ly, for every minibatch while conducting dropout; a binary random
variable that takes one with a probability of pyrepout is sampled for every unit in the
CNN at each forward calculation, and the output of the unit is set to zero if the
corresponding binary variable takes zero.

The rank score for an unlabeled image x* is predicted by averaging over the output
of the trained Bayesian CNN with MC dropout as y* = %Zthl f(z*;w), where T
is the number of MC dropout trials, w; is the t-th realization of a set of the CNN
weights obtained by MC dropout, and f(-;w;) is the output of f(-) given a weight set
Wy

The uncertainty of the prediction is defined as the variance of the posterior dis-
tribution of y*. This uncertainty is used to select images annotated in the next step,
which plays an important role in achieving active learning. The variance of the pos-
terior distribution, Varg-|.+)[y*], is approximately calculated using MC dropout as

follows:

where ¢(y*|z*) is the posterior distribution estimated by the model. The constant
term can be ignored because the absolute value of uncertainty is not required in the

following step.

Step 3: Uncertainty-based sample selection. A new set of annotated image

pairs is provided based on the estimated uncertainty and relative annotation. I es-
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timate the rank scores and the related uncertainties for the unlabeled images, using
the trained Bayesian CNN, and select s% images with high uncertainty. Image pairs
are made by pairing the selected images in the same manner as Step 1, and medical
experts attach relative annotations to the image pairs. The newly annotated image
pairs are added to the current annotated image pair set DY. The Bayesian CNN is
retrained with the updated Di. Steps 2 and 3 are repeated K times while increasing
the size of the annotated set DF (k =0,...,K).

5.4 Experiments and Results

To evaluate the efficiency of our active learning-to-rank, I conducted experiments on a
task for estimating rank scores of ulcerative colitis (UC) severity. In the experiments,
I quantitatively compared our method with baseline methods in terms of the accuracy
of relative label estimation, that is, the correctness of identifying the higher severity
image in a given pair of two endoscopic images. I also evaluated the relationship
between the human-annotated absolute labels and the estimated rank scores.

In addition, I analyzed the reason why our method successfully improved the per-
formance of relative label estimation. Especially, I analyze the relationship between
the uncertainty and class prior and show that our uncertainty-based sample selection

could mitigate the class imbalance problem and then finally improve the performance.

5.4.1 Dataset

In this chapter, experiments were performed using the UC endoscopic image dataset
collected at the Kyoto Second Red Cross Hospital, which was used in Chapter []
The dataset consists of 10,265 endoscopic images from 388 patients. It should be
noted that the dataset has imbalanced class priors, which is a typical condition in
medical image analysis. Specifically, it contains 6,678, 1,995, 1,395, and 197 samples
for Mayo 0, 1, 2, and 3, respectively.
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To evaluate relative label-based methods, I made a set of pairs of two images and
gave relative labels for each pair based on the Mayo labels. For N training samples,
the number of possible pairs is too large (O(N?)) to train the network with various
settings; we, therefore, made a limited number of pairs for training data by random
sampling. Specifically, I used N pairs (instead of O(N?) pairs) by selecting one of
the N — 1 samples for each of the N samples. (In Section , R samples of the
initial set are also selected from these pairs.) I consider this setting reasonable since
it used all the original samples, and I could conduct the experiments in a realistic
running time. Also, note that this setting is typical for evaluating learning-to-rank
[106], 107, [108].

Five-fold cross-validation was conducted for all comparative methods. The data
were divided into training (60%), validation (20%), and test (20%) sets by patient-
based sampling (that is, each data did not contain an image from the same patient).
Note that the above pair image preparation was done after dividing the training,
validation, and test sets for a fair evaluation. It indicates that each set did not contain
the same image. As the performance metrics, I used the accuracy of estimated relative
labels, which is defined as the ratio of the number of correctly estimated relative labels

over all the pairs.

5.4.2 Implementation

I used DenseNet-169 [87] as the backbone of the Bayesian CNN. The model was
trained with dropout (paopout = 0.2) and weight decay (A = 1x10™*) in the convolu-
tional and fully connected layers. I used Adam as the optimization algorithm and set
the initial learning rate to 1x107°. All image data were resized to 224 x 224 pixels
and normalized between 0 and 255.

In all experiments, our method incrementally increased the training data during
K = 6 iterations by selecting effective samples (s = 5% of training data) and adding

them to the initial training data (r = 20% of all training images). In total (after six
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iterations), the ratio of the labeled data used for training was 50% (r+sK = 20+5x6).

The number of estimations for uncertainty estimation was set to 7" = 30.

5.4.3 Comparison Methods

To demonstrate the effectiveness of our method, I compared our method with two
baseline methods and one ablation study: 1) Baseline, which trained by randomly
sampled (r+sK =) 50% pairs of training data, which indicates that the same number
of pairs were used in the proposed method; 2) Baseline (all data), which uses all N
training pairs (i.e., 100%), which indicates the number of training data was as twice
as that of the proposed method; 3) Proposed w/o uncertainty-based sampling (UBS),
which also incrementally increased the training data during K iterations but the
additional training data was selected by random sampling (without using uncertainty-
based sampling); For a fair comparison, I used the same backbone (DenseNet-169
based Bayesian CNN) for all the methods. Given an input image, all methods used

the mean of rank scores of T = 30 times estimation as the rank score.

5.4.4 Evaluation of Relative Severity Estimation

As the accuracy evaluation, I measured the correctness of the estimated rank scores
in a relative manner. Specifically, given a pair of images (x;,x;) where z; shows a
higher severity, the estimation is counted as “correct” if f(z;) > f(z;).
For the test data, I prepared two types of pairs.

“Overall”: The pairs were randomly made among all Mayo. Specifically, I selected
images in test images so that the number of samples in each Mayo score was the
same and then randomly made the pairs among the selected images. Using this test
dataset, I evaluated the overall performances of the comparative methods. However,
this test data may contain many easy pairs, that is, a pair of Mayo 0 (a normal image)
and Mayo 3 (a high severity image), whose image features are very different, as shown

in Fig. of Chapter [dl Thus it is easy to identify the relative label.
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Table 5.1: Quantitative performance evaluation in terms of accuracy of estimated
relative labels. ‘*” denotes a statistically significant difference between the proposed
method and each comparison method (p < 0.05 in McNemar’s test).

Labeling Neighboring
Method ratio OVl T 12 2-3 Mean
Baseline 50% 0.861* 0.827 0.837 0.628 0.763*
Baseline (all data) 100% 0.875 0.855 0.870 0.635 0.785*
Proposed w/o UBS 50% 0.856* 0.818 0.842 0.634 0.763*
Proposed 50% 0.880 0.787 0.871 0.736 0.797

“Neighboring”: I prepared the neighboring pairs that contain the images of neigh-
boring level Mayo, such as Mayo 0-1, Mayo 1-2, and Mayo 2-3 pairs. It is important
for clinical applications to compare the severity of difficult cases. This estimation is
more difficult since the severity gradually changes in neighboring Mayo, and these
image features are similar. Using this test dataset, I evaluated the performance of

methods in difficult cases.

Table [5.1]shows the mean of the accuracy of estimated rank scores for each method
in five-fold cross-validation. A labeling ratio denotes the ratio of the number of

ko

labeled images that were used for training, and ‘*’ indicates that there were significant

differences at p < 0.05 by multiple statistical comparisons using McNemar’s tests.

In the results of “Overall,” the accuracy of Baseline and Proposed w/o UBS were
comparable because these methods used the same number of training pairs. Baseline
(all data) improved the accuracy compared to these two methods by using the larger
size (twice) of training data. Surprisingly, our method was better than Baseline (all
data), although our method’s training data is half that of Baseline (all data) with the
same settings, that is, the network structure and the loss. As analyzed in the later
Section this difference comes from class imbalance. Since this dataset has a
severe class imbalance, that is, the samples in Mayo 0 were 33 times of those in Mayo
3, it was difficult to learn the image features of highly severe images. In such severe
imbalance cases, even if the number of training data decreases, appropriate sampling

could mitigate the class imbalance and improve the accuracy.
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Figure 5-2: Accuracy of estimated relative labels of Baseline (blue), Proposed w/o
UBS (green), and Proposed (red) at each labeling ratio. The black dotted line indi-
cates the results of Baseline (all data).

In the results of “Neighboring” (difficult cases), the proposed method was also
better than all the comparative methods in the mean accuracy of the neighboring
pairs. In particular, the proposed method improved the accuracy in the case “Mayo 2—
3" over 10%. Since the accuracy of image comparisons at high severity is important for
evaluating treatment effects, the proposed method is considered superior to the other
methods in clinical practice. In the case “Mayo 0-1”", the accuracy of the proposed
method was lower than that of the comparison methods because the number of labeled

samples for Mayo 0 and 1 was reduced due to the mitigation of class imbalance.

Figure[5-2]shows the changes in the accuracy at each iteration in both test datasets
“Overall” and “Neighboring.” The horizontal axis indicates the labeling ratio, the
vertical axis indicates the mean accuracy in cross-validation, and the black dot line
indicates the results of Baseline (all data), which used the 100% of the training
data. This result shows the effectiveness of our uncertainty-based active learning.
Our method (red) increased the accuracy with the number of training data, and the
improvement was larger than the other methods. In contrast, for Baseline (blue)
and Proposed w/o UBS (green), it was not always true to increase the accuracy by
increasing the training data. As a result, the improvements from the initial training

data were limited for them.
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Figure 5-3: Box plots of estimated rank scores at each Mayo. Initial was measured
under the initial condition at the labeling ratio of 20%. Performances of Baseline and
Proposed were measured at the labeling ratio of 50%. If the distributions of each
Mayo score have less overlap, the estimation can be considered reasonable.

Figure [5-3| shows box plots of the estimated rank scores of three methods at each
Mayo score. Here, the vertical axis indicates the estimated rank score, and “Initial”
indicates the method that trained the network using only the initial training data
without iterations (20% of training data). In this plot, if the distributions of each
Mayo score have less overlap, the estimation can be considered reasonable. In Initial
and “Baseline,” the score distributions in Mayo 2 and 3 significantly overlapped. In
contrast, our method improved the overlap distributions. This indicates that the

estimated rank scores were more correlated to the Mayo scores.

5.4.5 Relationship between Uncertainty and Class Imbalance

As described in Section [5.4.4] T considered that improvement by our method is be-
cause our uncertainty-based sampling mitigated the class imbalance. Therefore, I
investigated the relationship between the uncertainty and the number of the Mayo
labels of the sampled images from the training data during iterations.

Figure shows the number of sampled images by uncertainty-based sampling
at each class when the labeling ratio was 20% (k = 0), 35% (k = 3), and 50%
(k = K = 6), where the vertical axis indicates the average numbers of five-fold cross-
validation. The initial training data (k = 0) has a class imbalance by that in all

the training data due to random sampling. In 35% and 50%, the sampled images
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Figure 5-4: Class proportion of the accumulated sampled images at iteration K = 0
(labeling ratio is 20%), 3 (35%), and 6 (50%). When the labeling ratio was 20%, the
class proportion was the same between Baseline and Proposed. The proposed method
selected many samples of minority classes (Mayo 2 and 3) and mitigated the class
imbalance problem.

by Baseline have a similar class imbalance to that in the initial training data. This
class imbalance affected the performance improvements even though the number of
training images increased, and thus the improvement was limited. In contrast, our
uncertainty-based sampling selected many samples of the minority Mayo level; that is,
the samples of Mayo 2 and 3 increased with iteration; therefore, the class imbalance
was gradually mitigated with iteration. Consequently, our method improved relative
label estimation accuracy despite the half size of training data compared to Baseline
(all data).

Figure|5-5|shows the distributions of the model uncertainty of each class in training
data. In “Baseline,” the uncertainty of the minority classes (Mayo 2 and 3) was higher
than the majority classes (Mayo 0 and 1). After six iterations of active learning (that
is, the labeling ratio is 50%), the class imbalance was mitigated, as shown in Fig.
[, and the uncertainty of Mayo 2 and 3 was lower than those of “Baseline.” This
indicates that the uncertainty is correlated to the class imbalance; the fewer samples
of a class are, the higher uncertainty is. Therefore, our uncertainty-based active
learning, which selects the higher uncertainty samples as additional training data,
can select many samples of the minority classes and consequently mitigate the class
imbalance problem. This knowledge is useful for learning-to-rank tasks in medical

image analysis since severe class imbalance problems often occur in medical images.
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Figure 5-5: Box plots of model uncertainty in each class. Performance of Baseline and
Proposed were measured at the labeling ratio of 50%. In Baseline, the uncertainty
of minority classes (Mayo 2 and 3) was higher than that of majority classes. In
Proposed, the uncertainty of Mayo 2 and 3 decreases since the class imbalance was
mitigated.

5.4.6 Application by Estimated Rank Score

This section shows an example of the clinical applications of the proposed method. In
UC severity diagnosis, endoscopic images are acquired in sequence while the endoscope
is moved through the colon. In clinical, a doctor checks all the images to find the
most severe images and diagnoses the severity of the UC. It is useful to show the
estimated severity score along with the capturing order to facilitate this diagnosis
process. Figure shows three examples of the changes in the rank score (severity),
where the horizontal axis indicates the capturing order in a sequence, and the vertical
axis indicates the estimated rank score. These sequences were taken from different
patients and were not used in the training data. In these results, the estimated rank
scores (red) were similar to the Mayo scores (blue) that medical doctors annotated.
Case 1 was a sequence of a patient with a mild disease level. The severity was low in
the entire region. Cases 2 and 3 were sequences of patients with moderate and severe
disease levels. In these examples, I can observe that the severe areas were biased in
the order of the sequence; the severity was high at the beginning and the end of the

sequence, but it was low in the middle of the sequence. Using this graph, medical
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Figure 5-6: Examples of changes in the rank score along with the capturing order in
a sequence. The horizontal axis indicates the capturing order, and the vertical axis
indicates the estimated rank score (red) and the Mayo score (blue).

doctors can easily check if the disease is severe or not and find the severe areas and
check them. In addition, it is also easy to show both cases before and after treatment

and diagnose the recovery of the disease.

5.5 Conclusion

In this chapter, I proposed a deep Bayesian active-learning-to-rank for efficient rel-
ative annotation. The proposed method actively determines effective sample pairs
for additional relative annotations by estimating the uncertainty using a Bayesian
CNN. I first evaluated the accuracy and efficiency of the proposed method with an
experiment about the correctness of the relative severity between a pair of images.
The results indicate the usefulness of uncertainty-based active learning for selecting
samples for better ranking. I also revealed that the proposed method selects minor
but important samples and thus shows the robustness to class imbalance.

The limitation of the proposed method is that it provides rank scores instead of
Mayo scores that medical experts are familiar with. If an application needs Mayo
score-like rank scores, an additional calibration process is necessary. The proposed
method is very general and applicable to other severity-level estimation tasks — this

means more experiments on different image datasets are important for future tasks.



Chapter 6

Conclusion and Future Work

6.1 Conclusion

This thesis proposed two learning-to-rank methods with relative annotation in medical
image analysis. The first is a multi-task learning method that combines learning to
rank and regression to calibrate rank scores to absolute labels. The second is active
learning using a Bayesian CNN for learning to rank. These methods substantially
reduced the annotation cost of labeling medical images that require to be performed
by a medical expert. The performance of these methods was higher than that of
conventional methods. These results indicated that learning to rank with relative
annotation is more efficient than with absolute annotation in medical image analysis.
First, I used learn-to-rank with relative annotation for disease severity estimation
to reduce annotation costs in medical image analysis. I proposed multi-task learning
that combines learning to rank with relative annotation and regression with absolute
annotation. The multi-task learning successfully calibrated the predictive value by
learning to rank to the disease severity score. Experimental results show that the pro-
posed method can achieve higher classification performance (accuracy and F1 score)
with 1/10 of the annotation cost compared to conventional classification methods.

Second, I explored active learning using a Bayesian CNN to solve the problem of

83
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increasing the number of pairs, which is one of the challenges of relative annotation.
I proposed a deep Bayesian active-learning-to-rank for efficient relative annotation.
The proposed method actively determines effective image pairs for additional rela-
tive annotation by estimating uncertainty using Bayesian CNN. The performance of
the proposed method was evaluated through experiments on estimating the relative
severity between image pairs. The results showed that uncertainty-based sampling
could effectively select image pairs for relative severity estimation. I also showed that
the proposed method is robust against class imbalance because it selects minor but

important samples.

6.2 Future Work

e Application of learning to rank and annotation for clinical practices:
Relative annotation, which is the annotation method used for learning to rank,
is based on the intuitive judgment of the medical expert. Analysis of the anno-
tations by this intuitive judgment will be necessary in the future. For example,
it is necessary to examine the variability in annotation accuracy among mul-
tiple medical experts and to clarify the criteria for judgment. Furthermore,
new medical image findings may be obtained from the criteria for judgment of

relative annotation and total order.

e Ranking tasks and domain shift in medical images: The domain-shift
issue is an important task in medical image analysis. For example, trained
models on images taken with one device often fail to predict images taken
with a different device. This issue means automatic prediction is impossible
for patients examined at multiple hospitals. Therefore, exploring deep learning
that can be used in multiple hospitals is important. On the other hand, domain-
shift tasks related to learning to rank have yet to be sufficiently studied and

should be explored in the future.
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e Noise problem of uncertainty-based sampling in medical images: The
uncertainty-based sampling selects samples with high learning effectiveness, but
it also selects samples with noise. The reason is that the uncertainty is higher for
samples with low similarity in the dataset. For endoscopic images, the images
are selected with equipment in the image or at an angle that is not typical.
Therefore, it is necessary to implement a mechanism to remove noise images in

uncertainty-based sampling in the future.
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