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Abstract

In this Ph.D. thesis, we develop effective techniques for medical image classification, par-
ticularly, for histopathological and magnetic resonance images (MRI). Our techniques are
capable of handling the high variability in the content of such images. Handcrafted tech-
niques based on texture analysis are used for the classification task. We also use deep
learning models but training such models from scratch can be a challenging process, in-
stead, we employ deep features and transfer learning.

First, we propose a combined texture-based feature representation that is computed
in the complex shearlet domain for histopathological image classification. With complex
coefficients, we examine both the magnitude and relative phase of shearlets to form the
feature space. Our proposed techniques are successful for histopathological image classifi-
cation. Furthermore, we investigate their ability to generalize to MRI datasets that present
an additional challenge, namely high dimensionality. An MRI sample consists of a large
number of slices. Our proposed shearlet-based feature representation for histopathological
images cannot be used without adjustment. Therefore, we consider the 3D shearlet trans-
form given the volumetric nature of MRI data. An advantage of the 3D shearlet transform
is that it takes into consideration adjacent slices of MRI data.

Secondly, we study the classification of histopathological images using pre-trained deep
learning models. A pre-trained deep learning model can act as a starting point for datasets
with a limited number of samples. Therefore, we used various models either as unsupervised
feature extractors, or weight initializers to classify histopathological images. When it comes
to MRI samples, fine-tuning a deep learning model is not straightforward. Pre-trained
models are trained on RGB images which have a channel size of 3, but an MRI sample
has a larger number of slices. Fine-tuning a convolutional neural network (CNN) requires
adjusting a model to work with MRI data. We fine-tune pre-trained models and then use
them as feature extractors. Thereafter, we demonstrate the effectiveness of fine-tuned deep
features with classical machine learning (ML) classifiers, namely a support vector machine
and a decision tree bagger. Furthermore, instead of using a classical ML classifier for the
MRI sample, we built a custom CNN that takes both the 3D shearlet descriptors and deep
features as an input. This custom network processes our feature representation end-to-end
and then classifies an MRI sample. Our custom CNN is more effective in comparison to
a classical ML on a hidden MRI dataset. It is an indication that our CNN model is less
susceptible to over-fitting.
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Chapter 1

Introduction

1.1 Overview

Medical image analysis is time-consuming [239, 204]. Most importantly, different interpre-
tation from different medical experts over the interpretation of images is not uncommon;
therefore, computer-assisted diagnosis (CAD) can be a great asset to medical experts to
help in making an objective diagnosis.

In particular, analyzing difficult cases of a pathological condition is crucial. Therefore,
it is very beneficial to utilize the power of image processing coupled with machine learn-
ing/deep learning to pre-screen and identify normal from abnormal cases. Our main goal
of this thesis to build CAD systems that are effective and efficient to study medical images
in pathology and in radiology which are integral for many cancer diagnoses in the field of
medicine [203].

1.1.1 Pathology Image Acquisition

Pathology is the study of disease. More particularly, histopathology is the study of cells
and tissues under the microscope. Such diagnostic is considered a gold standard for the
detection of most lethal diseases [120]. A histopathologist starts with a tissue biopsy from
an organism/organ [$1]. A biopsy is a procedure during which tissue is removed. The
removed tissue from an organ is placed in a fixative prior to examination under the micro-
scope. To be able to differentiate between different cellular levels under the microscope,
the tissue is stained. Typically, the tissue is stained with hematoxylin and eosin (H &
E). A pathologist then examines the histological slide to report their findings according to
their expertise.

In order to be able to apply computational techniques, the histological slides first need
to be digitized [62, |. As such, the digitization of histological slides can be either mi-
croscopy images (i.e., contain one pathological condition) or whole slide image (WSI) (i.e.,
typically contains multiple pathological regions). Therefore, WSI is typically annotated
on a pixel level for segmentation purposes. However, WSI can be tiled into patches (e.g.,

1



256 x 256), and then a patch can be given a label as a whole based on the dominant
pathological condition.

1.1.2 Radiology Image Acquisition

Radiology (or so-called diagnostic imaging) requires capturing images utilizing various
modalities. Particularly, magnetic resonance imaging (MRI) [227] can be used by a ra-
diologist to obtain images of the structure of an organ. To capture such anatomy, MRI
scanners use strong magnets that generate a powerful magnetic field, in which the protons
in the human body are forced to orient with [20]. When the magnetic field is turned off,
the MRI sensors determine the time needed for the protons to realign to their original po-
sition. Essentially, MRI captures the fluid characteristics of various human tissues, which
are in turn computer-processed to generate black and white images. Thereafter, a medical
expert in the field of radiology examines various tissues based on MRI images to make a
diagnosis.

Unlike histopathology, where molecular and cellular components of tissue are captured
under the microscope, MRI scanners are digital in nature [20]. Furthermore, MRI scans of
a patient can yield hundreds of slices as opposed to a histological slide which is typically
a single image, but with high resolution. Intuitively, with MRI images, we must not only
account for the wide range of variability across different slices, but we also need to account
for the computational complexity to deal with such a large number of slices.

1.1.3 Machine Learning in Medical Image Classification

Having medical images in digital form allows for building CAD applications for image pro-
cessing/analysis techniques [92, 18, 39]. A common practice for image association between
different medical images is the use of machine learning (ML), which can be categorized
as supervised or unsupervised ML. In supervised learning, the training process consists of
learning the distribution of an image = given that it belongs to class ¥, in other words, we
train a model on a set of images where the ground truth label is known. Several well-known
supervised learning algorithms are used extensively in the literature for medical image clas-
sification: multilayer perceptron (MLP) [80], support vector machine (SVM) [218, 169], and
others. On the other hand, in the absence of ground truth labels, unsupervised learning
can be adopted where a mapping function is devised to learn the hidden patterns, for
example, k-means clustering [1 1 1] or principal component analysis (PCA) [100].

1.2 Problem Statement

The focus of this thesis is to construct an effective medical image classification model.
In the context of traditional learning-based approaches, the robustness of a classifier is
largely determined by the feature representation. In the literature, various methods have
been proposed, for example, local phase quantization, scale-invariant feature transform,



speeded up robust features, and others. Techniques that utilize signal processing typically
choose to transform an image using the Fourier transform or a wavelet transform. Then,
various attributes are computed from the transform’s coefficients. Nevertheless, such trans-
forms have limitations. The Fourier transform does not incorporate the spatial information
of a transformed image. Also, the wavelet transform lacks directional sensitivity. There-
fore, our traditional descriptors are based on the shearlet transform [I15]. The shearlet
transform addresses the aforementioned limitations and provides a sparse representation
of an image at multiple scales and multiple directionalities. As a result, it is an effective
choice for studying medical images, for instance, histopathological images to study the
intra-relationship of cells. Additionally, the complex coefficients of shearlets are used to
obtain both the magnitude and phase coefficients. Such coefficients are summarized uti-
lizing various texture-based methods to obtain distinctive descriptors. For instance, the
co-occurrence matrix, which is a 2D histogram, is computed for the directional sub-bands,
and potentially leading to training an effective classification model.

When it comes to deep learning (DL), the effectiveness of a DL model depends on the
architecture of a model. However, training a supervised DL model requires an abundance
of samples from each class, especially for deeper models. However, there is a lack of well-
annotated medical images, which makes the task of training a DL model from scratch
challenging. Data augmentation helps to generate enough training samples, but it is not
clear whether applying data augmentation helps predict unseen data samples. Therefore,
we instead fine-tune deep learning models without applying data augmentation.

1.2.1 Traditional Learning-Based Techniques

An overview of the generic approach using a traditional learning-based technique is out-
lined in Figure 1.1(a). In traditional learning-based methods, the image needs typically
some pre-processing. Next, features need to be extracted from the medical images. Then,

( CAD \ ( CAD \

1. Image(s) 1. Image(s)

2. Image Pre-

processing

A 4
3. Feature 2. Deep Learning
Extraction Model

4. Feature
Selection

5. Classifier

N
Classification Classification
(a) Classical ML (b) DL Approach

Figure 1.1: Traditional ML vs. DL for medical image classification.



these extracted features are used for training and building a model to discriminate be-
tween different types of abnormalities. Many studies have proposed different techniques
to study the contents of digitized histological slides and MRI samples. A typical approach

is a texture-based analysis, for example, local binary pattern (LBP) [157], gray-level co-
occurance matrix (GLCM), and many other techniques [92, 18]. As such, analytic and
logical algorithms are utilized to study the content of medical images [120, , ]. In

the field of texture analysis, techniques are devised to examine medical image content
through the computation of local or global statistical information to reveal repeated pat-
terns, e.g., size or color [156, 67]. Commonly, that statistical information is computed on
the individual pixels in the spatial domain.

Given the complex content of medical images, we model the complexity of histopatho-
logical tissue prediction by proposing a novel hand-crafted feature representation based
on the shearlet transform [115]. We summarize the shearlet coefficients using textural
methods, namely, co-occurrence texture feature [198, 77], LBP [157], local oriented statis-
tics information booster (LOSIB) [67], and segmentation-based fractal texture analysis
(SFTA) [12]. In our research, we investigate both parametric and non-parametric classifiers:
SVM or decision tree bagger (DTB) to distinguish the tissue types. Our method calculates
various local and global attributes that reveal complex patterns in the histopathological
tissues. We successfully demonstrate that the combination of some sets of features is ca-
pable of generating a robust feature space. Thereafter, we employ principal component
analysis to further improve the classification performance while having a reduced set of
features.

We further examine the possibility to extend our shearlet-based techniques to analyze
MRI samples. In our application of MRI data classification, we apply our techniques to
the detection of Alzheimer’s disease. However, MRI samples present a different challenge
because of the high number of slices. Therefore, given the volumetric nature of MRI data,
we propose to use the 3D shearlet transform. However, before applying the 3D shearlet
transform, each MRI sample is pre-processed with the following steps: 1) skull stripping,
2) image normalization, and 3) cropping. Then, we transform the MRI sample to the 3D
shearlet domain in which we extract various texture descriptors, i.e., the same four texture
methods we used to study histopathological images.

1.2.2 Deep Learning-Based Techniques

Recently, DL techniques [188, 15, , 18, | have been developed for the classification
of medical images. DL uses a sequence of operations that are generic and can be applied
directly to any type of raw input images, including medical images. A typical class of
DL is a CNN which can be used for image classification [I21]. DL models are capable
of learning and discovering multiple levels of representations. As such, lower-level layers
typically encode feature maps of edges and color, and higher-level layers learn semantic
representations of the data [189, ]. For instance, pixels arrangement comes in the form
of an array that can be fed to a DL model. The presence or absence of edges at particular
directions and positions in the image are learned in the first layer [121]. The second layer



would capture the motifs in the image content by detecting certain arrangements of edges.
As a result, the deeper layers would capture objects as a mixture of these representations,
i.e., higher and more abstract representation. Primarily, DL can learn these representations
without any engineering, rather captured from data. With the advent of new learning
algorithms, CNN architectures, and the availability of computational resources, DL models
will reveal more successes in the field of image classification.

Therefore, many studies research the applicability of transferring knowledge to the
domain of medical imaging [210, 192]. Alternatively, a pre-trained CNN model can be used
(without any fine-tuning) as an unsupervised feature extractor [171]. Furthermore, some
studies combine hand-crafted and deep features extracted from pre-trained models [119].

However, the progress of deep learning techniques in medical image classification is
hampered by the scarcity of samples of bio-medical images [171]. This fact imposes a
challenge for training deep models from scratch as abundant samples are a must to achieve
state-of-art results [193]. State-of-the-art CNNs, e.g., DenseNet [89], have achieved high
accuracy when trained and tested on ImageNet [16] but ImageNet contains more than a
million images. Nevertheless, deep features and transfer learning both have enabled the use
of these deep models in different domains including medial applications [91, 4]. Hence, we
have investigated these techniques for histopathological images. We investigate the use of
pre-trained models [93, 186] as unsupervised feature extractors [[19]. We also investigate
pre-trained models as weight initializers either by fine-tuning weights of all layers or freezing
some layers to reduce training time [240] and to avoid a model memorizing the training
samples (i.e., over-fitting) and fail to generalize on new emerging histopathological images.
Both of our hand-crafted and deep learning techniques have shown excellent classification
results when examined on four histopathological datasets that present different levels of
complexity.

Similar to our traditional shearlet-based approach, we have extended our descriptors
to examine their ability to generalize for radiology, namely to MRI image classification
for Alzheimer’s disease. It is worth noting that because of the high number of slices
per MRI sample and the limited number of samples, deep learning models will suffer
from high computational cost and lack of generalization. Further, using unsupervised
deep learning to obtain a feature vector per slice will yield a high-dimensional feature
representation for an MRI sample. To solve these problems, we fine-tune a deep learning
model and then explore such a model for its capabilities for generating descriptors that
encode characteristics to distinguish Alzheimer’s disease from cognitively normal patients.
In other words, we leverage the capabilities of a CNN model to learn feature maps from
stacked slices of an MRI sample to create the feature space.

Furthermore, in an attempt to provide a more effective MRI sample classification model,
we propose to investigate the integration of both the 3D shearlet descriptors and deep
features. After concatenating features vectors that are computed from the shearlet domain
and from a CNN model, we then propose to train a classification model in the following
manner: 1) training a classical classifier (i.e., SVM and DTB); 2) building a custom CNN
model to post-process feature vectors end-to-end.



1.3 Thesis Statement

Traditional machine learning and deep-learning techniques have been proposed to classify
medical images in the literature but the utility of these approaches remain often unclear.
Therefore, our main goal in this thesis is to develop, apply, and comparatively evaluate
techniques that are capable of effectively and efficiently classify medical images. The
techniques developed in this thesis should be able to handle 1) the scarcity of available
data for training and testing; 2) the high inter and intra content variability; and 3) the
high-dimensionality of medical images. Above all, these techniques should be (with minor
adjustments) usable for different medical image classification tasks in histopathology and
in radiology. Our goal is to demonstrate that our techniques apply to classification tasks
where classical hand-crafted texture-based features have shown promise in the literature.

1.4 Contributions

1.4.1 Medical Image Classification: Comparative Literature Re-
view

The goal of this chapter is to provide a review of techniques that are tailored for medical
image classification. Furthermore, a detailed description of both classical and deep learning
techniques provides a basis for comparison of our proposed techniques with the state-of-
the-art. In this regard, we have researched techniques that can be applied to both radiology
and pathology datasets.

A detailed summary of those existing techniques to study medical images is given in
Chapter 2. Part of this chapter is submitted for publication and still under review [9].

1.4.2 Shearlet-based Techniques for Histological Image Classifi-
cation

We propose a technique taking advantage of the multi-directionality and multi-scale prop-
erties of the shearlet transform for automatic classification of different tissue types in
histopathological images. Our approach is to combine different sets of features into a novel
texture feature space based on the complex shearlet domain. We have not only examined
the magnitude coefficients, but we also incorporate the relative phase (RP) coefficients
to form the feature representation. Our shearlet feature space consists of co-occurrence
texture features, Local Binary Patterns, Local Oriented Statistic Information Booster, and
segmentation-based Fractal Texture Analysis. These descriptors are also used jointly to
increase the classification accuracy of histopathological images when used with classical
machine learning.

A detailed analysis of this contribution is available in Chapter 3. This study led to a
publication in an IEEE conference and an extended journal publication [5, 7].



1.4.3 Histological Image Classification using Deep Features and
Transfer Learning

Supervised deep learning techniques can not be applied to histological image classification
without some adjustment due to the major challenge of having a very limited number of
available well-annotated data. Therefore, we provide strategies of two techniques to deal
with limited domain data: using deep features and fine-tuning a CNN model. We examine
the following state-of-art CNN models: SqueezeNet-v1.1, MobileNet-v2, ResNet-18, and
DenseNet-201.

We demonstrate that using feature vectors that are extracted from one of four CNN
models with a classical SVM for training and testing can lead to higher accuracy than
previously published results on the following publicly available datasets: Warwick-QU,
Epistroma, BreaKHis, multi-class Kather. Similar results can be obtained by fully fine-
tuning the aforementioned CNN models. We also study the effectiveness of block-wise
fine-tuning of two models (i.e., SqueezeNet-v1.1 and ResNet-18) and show that it is not
necessary to fully fine-tune leading to savings in time and space.

Details about our work in deep learning are presented in Chapter 4. This work led to
a publication in an IEEE conference [6].

1.4.4 Classification of Alzheimer’s Disease based on MRI Data

In this study, we rely on an MRI dataset. This work extends our techniques based on
shearlet descriptors and deep learning strategies to classify the MRI dataset. Both of our
hand-crafted and deep learning strategies require limited changes. Given the volumetric
nature of MRI data, we use the 3D shearlet transform. Then, the shearlet coefficients are
summarized using texture-based methods.

Further, we propose to leverage the capabilities of CNN’s model mathematical opera-
tions to learn feature maps from stacked slices of an MRI sample. Our starting point is
pre-trained CNN models. A CNN model needs to be modified (particularly, a new input
layer to fit the MRI data dimensions, and the convolution layer following the input layer).
As such, we fine-tune SqueezeNet-v1.1, MobileNet-v2, Xception, and Inception-v3. Then,
we explore such models for their capabilities for generating very compact descriptors of
high-dimensional MRI data to classify Alzheimer’s disease samples from cognitively nor-
mal samples. Unlike if we were to use a DL model as an unsupervised feature extractor to
compute a feature vector for each slice, and then combine all feature vectors to form the
feature space of an MRI sample; this will generate a high-dimensional feature representa-
tion.

Finally, in an attempt to provide an effective classification model, we combine both
shearlet-based descriptors and deep features. One way is simply concatenating the feature
vectors and feed them to a classifier. Alternatively, after we concatenate the feature vectors
are then fed to a custom CNN model in which the descriptors will be processed end-to-end
to obtain the classification results.



Details about this work are presented in Chapter 5. This chapter is submitted for
publication and still under review [3].

1.5 Outline

The rest of this Ph.D. thesis is organized as follows. Chapter 2 provides a review of
techniques for medical image classification. Chapter 3 presents our proposed techniques for
histopathological image classification in the complex shearlet domain. Chapter 4 presents
our deep learning strategies for histopathological image classification. Chapter 5 extends
our proposed techniques from histopathological images to MRI images. Finally, Chapter 6
concludes and summarizes our work.



Chapter 2

Medical Image Classification:
Comparative Literature Review

2.1 Overview

In this chapter, we provide an in-depth review of existing techniques for medical image
classification. To achieve a systematic review of techniques that are classifying histopatho-
logical images, we first consider a set of 10 histopathological datasets. These datasets are
publicly available and are tailored for classification tasks. These datasets can be used as
a benchmark for testing and evaluating new methodologies. We also present a review of
publications that have utilized these datasets. The methods introduced in these papers are
summarized and categorized as classical machine learning (CML) and deep learning (DL)
approaches, and we report the accuracy of each method evaluated based on the benchmark
datasets we have reviewed.

Many computational techniques that are applied to histopathological image classifica-
tion can be extended to be used on other types of medical datasets, for example, MRI.
Therefore, a selected number of publications that study early diagnosis of Alzheimer’s
disease (AD) are reviewed toward the end of this chapter.

The organization of this chapter as follows: we first present our motivation and fo-
cus on the type of targeted publications in relation to histopathological image analysis as
presented in Section 2.2. In this manner, we review publicly available histopathological
datasets and provide access links (see Section 2.2.1). In Section 2.3, we provide a summary
of two well-known data repositories that provide MRI scans of AD patients. These sum-
marized datasets are tailored for classification tasks; therefore, in Section 2.4, we provide
an overview of how generic a machine learning pipeline can be built for medical image
classification. Then, we divide our review of medical image classification techniques into
two categories: CML and DL. In Section 2.4.1, we summarize histopathological image clas-
sification publications for the reviewed publicly available datasets. For each summarized
method, we provide the classification performance while using the corresponding bench-
mark dataset. As such, this will act as a baseline for our new proposed framework in



Chapter 3 and Chapter 4. Furthermore, recent publications that are investigating compu-
tational techniques related to AD that can act as our baseline for comparison purposes for
Chapter 5 are included in Section 2.5.

2.2 Histopathological Images

The wide availability of histological slide scanners [3] makes histopathological images avail-
able in digital form for research. Image datasets enable the development of techniques for
cancer identification, yet this remains a difficult process due to the complexity levels that
are present in histopathological images [14].

The various types of tissue samples that are obtained from human tumors are complex.
Manual examination of the tissue types to assess the progress of the disease is indispensable,
but it is time-consuming and expensive. There is, therefore, a need to automate the analysis
of histopathological images. Many studies have proposed identifying the tissue types from
the pattern revealed from the hematoxylin and eosin (H & E) stained slides of the tissue.
The various techniques can be categorized as: 1) traditional learning-based techniques (i.e.,
using CML and classical texture analysis); 2) DL (i.e., using deep features by fine-tuning
or training models from scratch, or combining traditional descriptors with deep features),
as we summarize in Section 2.4.1.

2.2.1 Histopathological Datasets

Reviews have been published previously [87, 23] that consider texture datasets from differ-
ent areas including bio-medical textured datasets of different types. However, we provide
a review of histopathological datasets that are curated and can be used for image-level
classification tasks. The summary of each dataset reviewed in this section is reported in
Table. 2.1.

Epistroma

Epistroma dataset contains tissue samples that are collected from a set of 643 patients with
colorectal cancer who did their surgical operations at Helsinki University Central Hospital
(Helsinki, Finland) [126]. This is a binary dataset (examples of each tissue type are shown
in Figure 2.1, such that it contains tissues of variable sizes from stroma (551 samples) and
epithelium (825 samples).

Warwick-QU Dataset

Warwick-QU is a binary dataset of colon histology sections. This dataset consists of tissues
from benign (74 samples) and malignant (91 samples) [196]. Examples of both tissues are
shown in Figure 2.2). Each tissue sample is obtained with a magnification factor of 20x.
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Figure 2.1: Samples from the Epistroma dataset. One Example of stroma tissue (left) and
one from epithelium tissue (right).

Figure 2.2: Samples from the Warwick-QU dataset. One example of benign tissue (left)
and one from malignant tissue (right).

Figure 2.3: Samples from the BreakHis dataset. Top row shows benign samples and
bottom row shows malignant samples. Columns represent magnification factors of 40x,
100x, 200x, and 400X, respectively.

Breast Cancer Histopathological Database (BreakHis)

BreakHis dataset contains a total of 7909 tissues primarily divided into benign and ma-
lignant breast tumor tissues [204]. Furthermore, each tissue type is divided into subcate-
gories. The benign tissues have the following four subtypes: adenosis (A), fibro-adenoma
(F), phyllodes tumor (PT), and tubular adenoma (TA). However, the malignant tissues
have the following sub-types: ductal carcinoma (DC), lobular carcinoma (LC), mucinous
carcinoma (MC), and papillary carcinoma (PC). These tissue types are obtained from
breast tissue surgical open biopsy slides from January 2014 to December 2014. Each image
has a size of 700 x 460 pixels, as a result of digitization with various magnification fac-
tors: 40x, 100x, 200x, and 400x. The distribution of benign/malignant samples for each
magnification factor is as follows: 625/1370(40x ), 644/1437(100x ), 623/1390(200x) and
588/1232(400x) - collected from 82 patients. Examples of benign and malignant tissues
of different magnification factors are shown in Figure 2.3.
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Figure 2.4: Samples from the Kather’s dataset. Top row shows samples of: tumour ep-
ithelium, simple stroma, complex stroma, lymphocites, respectively. Bottom row shows
samples of: debris, mucosal glands, adipose tissue, and background, respectively.
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Figure 2.5: Samples from the Grand-Challenge Breast Cancer Images. Left to Right:
normal, benign, in situ, and invasive, respectively.

Multi-class Kather’s

This dataset was collected by the University Medical Center of Mannheim (Heidelberg
University, Mannheim, Germany) [103]. The dataset contains 5000 non-overlapping tissue
images with a fixed size of 150 x 150 pixels. These images belong to eight different types
of tissues, and each tissue type has 625 images. The eight types of tissues are tumor
epithelium, simple stroma, complex stroma, immune cells, debris, normal mucosal glands,
adipose tissue, and background (no tissue) as shown in Figure 2.4.

Grand-Challenge Breast Cancer Histology Images (BACH)

This dataset is a follow-up on a dataset released during the Bioimaging 2015 Grand Chal-
lenge (i.e, the 2015 dataset consists of 249 images). The new dataset, released in 2018,
consists of 400 high-resolution breast cancer images (2048 x 1536 pixels) which can be
requested from the organizers of Grand-Challenge BACH [11]. The collected images are
categorized as follows: normal, benign, in situ carcinoma, or invasive carcinoma (100 sam-
ples for each category), collected between 2014 and 2017 from patients having breast cancer
who are living in Portugal. Samples from each tissue type are shown in Figure 2.5.
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Figure 2.7: Samples from the histologyDS dataset. Left to right: conective, ephitelial,
muscular, and nervous tissue, respectively.

Image Informatics and Computational Biology Unit (IICBU) Repository

This repository contains a package of biological datasets [191]. These datasets are made
publicly available for research and comparison purposes. Nevertheless, we are going to
study only the textured dataset stained with H & E particularly to humans (i.e., Lym-
phoma) from this repository.

Lymphoma

The Lymphoma dataset consists of 375 images of lymph nodes (focused on lymph nodes
cancer) and each image has a resolution of 1388 x 1040 pixels. This dataset consists of three
classes: Chronic Lymphocytic Leukemia (CLL), Follicular Lymphoma (FL), and Mantle
Cell Lymphoma (Figure 2.6).

The Histology Image Dataset (histologyDS)

The histologyDS [11] collected from different organs presents fundamental tissues of four
types. This dataset consists of 2828 images with the following distribution for each class:
484 connectives, 804 epithelial, 514 muscular, and 1026 nervous tissue images as shown in
Figure 2.7. These images are captured at different magnification factors of 10x, 20x, and
40x.
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Figure 2.8: Samples from the CFTO dataset. Top row: Heart, Muscular, and Elastic
respectively. Bottom row: Vein, Connective and Light, respectively.

Cardiovascular of Fundamental Tissues and Organs (CFTO)

Mazo et al. [139] published a dataset of histological cardiovascular tissues that consists of
6000 images divided into 70% for training and 30% for verification. This dataset belongs
to 6 classes: (1) cardiac muscle (Heart), (2) muscular artery (Muscular), (3) elastic artery
(Elastic) (4) muscle of the large vein (Vein), (5) connective tissue (Connective), (6) light
regions (Light) as shown in Figure 2.8. There are 1000 images per class where each image
has a resolution of 100 x 100 pixels. A separate set of 7500 images are provided for testing.
Both sets of the different tissue types are obtained with a magnification factor of 10x.

UCSB Breast Cancer Cells

UCSB dataset contains samples of stained histopathology breast cancer cells [69], which
is composed of two classes (benign and malignant). It was made publicly available by the
center for bio-image informatics at the University of California, Santa Barbara (UCSB).
The distribution of benign/malignant images in this dataset is 32/26 where each image
has a resolution of 896 x 768 pixels (Figure 2.9).

KIMIA PATH960

In this dataset (Path960), the histopathological images (i.e., each image has a size of
308 x 168) are selected mainly based on visual clues that present various textures [114].
There are 48 histopathological images per class (i.e., there are 20 classes). As such, these
images are extracted from more than 400 WSIs of muscle, epithelial, and connective tissues.
Examples from each class are shown in Figure 2.10.
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Figure 2.9: Samples from the UCSB dataset.
image in this dataset has a size of 896 x 768.

VAR

Figure 2.10: Samples from the KIMIA PATH960 dataset. Each image in this dataset has
a size of 308 x 168.

2.3 Magnetic Resonance Imaging (MRI) Data

Another significant application area of machine learning is MRI sample classification [135,
50]. Particularly, the early diagnosis of Alzheimer’s disease from MRI samples is critical for
the proper course of treatment [211]. Many studies have been published exploring the clas-
sification of Alzheimer’s disease, i.e., utilizing publicly available datasets from Alzheimer’s
Disease Neuroimaging Initiative (ADNI) or The Open Access Series of Imaging Studies
(OASIS).

Many studies have utilized the ADNI and OASIS datasets for building a CAD system
for the automatic classification of AD. In this section, we provide a brief description of
both data repositories (i.e., the ADNI and OASIS).

Alzheimer’s Disease Neuroimaging Initiative (ADNI)

The ADNI data repository (adni.loni.usc.edu) is a multisite study for studying Alzheimer’s
disease [96]. This data repository consists of MRI scans of three groups of subjects: 1)
one group that has AD, 2) another group has a mild cognitive impairment (MCI), 3) and
the final group is the cognitively normal (CN) participants. However, the MCI group can
be further divided into two subgroups: 1) patients with a stable diagnosis of mild cogni-
tive impairment (sMCI) that might remain stable MCI or revert to normal cognition, 2)
patients who showed any sign of MCI diagnosis who might progress to AD (pMCI).

In this regard, the ADNI data repository is commonly used for the following binary
classification tasks: 1) AD vs. CN, 2) pMCI vs. sMCI, 3) CN vs. MCI, 4) AD vs. MCIL.
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Table 2.1: Summary of histopathological datasets (DB).

DB #Classes #Samples Sample Size URL
Epistroma 2 1376 Variable http://fimm.webmicroscope.net/
Research/Supplements/epistroma/
Warwick- 2 165 Variable https://warwick.ac.uk/fac/sci/
QU dcs/research/tia/glascontest/
download/
BreakHis 2 7909 700 % https://web.inf .ufpr.br/vri/
460 databases/breast-cancer-
histopathological-database-
breakhis/
Kather’s 8 5000 150 % https://zenodo.org/record/53169/
150
BACHI18 4 400 2048 x https://iciar2018-challenge.
(BACH15) (249) 1536 grand-challenge.org/Dataset/
Lymphoma 3 375 1388 % https://ome.grc.nia.nih.gov/
1040 iicbu2008/1lymphoma/
HistologyDS4 2828 720 % http://online.unillanos.edu.co:
480 8084/histologyDS/
CFTO 6 6000 100 % http://biscar.univalle.edu.co/
100 ?page_id=1003/
UCSB 2 58 896 x https://bioimage.ucsb.edu/
768 research/bio-segmentation/
Path960 20 960 308 x https://kimialab.uwaterloo.ca/
168 kimia/index.php/pathology-images-

kimia-path960/

The Open Access Series of Imaging Studies (OASIS)

The OASIS data repository (https://www.oasis-brains.org/) provides two types of
data: cross-sectional and longitudinal MRI scans. However, our focus in this thesis is on
cross-sectional MRI scans. This dataset was collected from 416 subjects whose ages range
from 18 to 96.

The data repository provides a clinical dementia rating (CDR) score to determine the
severity of dementia [137]. The CDR score ranges between 0 to 2. The assumption that
the patient with a score of 0 implies a healthy subject. However, if the CDR is greater
than 0, then it implies a patient with Alzheimer’s disease. In this regard, the OASIS data
repository is commonly used for the following binary classification task: AD vs. CN.

2.4 Disease Association using Machine Learning

According to Michell [143] supervised machine learning relates the following main compo-
nents: a task T, the experience E, and the performance P on the task. Hence, a hand-
crafted or deep learning model for the task T maps any given histopathological tissue to
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an output label. Such a model is built based on the experience E, i.e., a training dataset of
histopathological tissues where each tissue type is labeled. ML algorithms are data-driven
and optimized to generate an accurate classification (i.e., the performance P) using opti-
mization algorithms. The ideal ML model is able to generalize when it is tested on unseen
samples. Other types of learning techniques exist in the literature [170]. These techniques
are especially beneficial for tackling the problem of small data classification.

e Unsupervised learning: such techniques are trained based on unlabeled datasets. As
such, these techniques seek to obtain useful patterns from the data, i.e., a collection
of examples that exhibit similar patterns are grouped together. According to Qi and
Luo [170], some of the common unsupervised techniques are generative models (e.g.,
auto-encoders and generative adversarial nets (GANs), and self-supervised methods
(e.g., autoregressive models and self-supervised representation learning either from
images or videos). The generative models consist of two main components, i.e., the
encoder that infers the representation from the data and the decoder reconstructs
the data, but with sharper reconstruction. In the context of self-supervised learning
techniques, they can be beneficial in predicting missing information from parts of the
data while using the same shared latent representation.

e Semi-supervised learning: such techniques exploit datasets with both labeled and un-
labeled examples to train a model. Qi and Luo [170] reviewed this category from two
perspectives. Semi-supervised generative models, which is similar to unsupervised
generative models, but here both labeled and unlabeled examples are used. How-
ever, the authors state that teacher-student models achieve state-of-the-art results.
As such, a single or ensemble of teacher models are trained while using unlabeled
samples. Then the predicted labels (or pseudo labels) are utilized to obtain a super-
vised student model. It is necessary to ensure the consistency between the predictions
of teacher and student.

A commonly adopted evaluation technique (either evaluating CML or DL) is to use
cross-validation (CV) to obtain robust statistical results. CV measures the performance of
a classifier system by splitting the data into training and testing, such that the testing data
is hidden during the training. A dataset is split into K folds, where K — 1 folds are used
for training, and 1-fold is used for testing. The training is repeated K times with different
testing folds. Thus, to evaluate the performances of the different classifiers, the following
common performance metrics of a classification model in each fold are computed: accuracy,
sensitivity, specificity, and area under receiver operating characteristic curve (AUC), i.e.,
a plot of true positive rates versus false-positive rates.

To build a robust classification model in the case of CML, the extraction of useful
knowledge from an image is a critical step. While the above applies to both histopatho-
logical images and MRI, in the remainder of this section we describe the specifics of the
classification of histopathological images. Examples of common attributes are color, mor-
phological, or textural descriptors [124]. Consequently, those extracted feature vectors are
used to classify the histopathological images. On the other hand, the main advantage of
deep learning approaches is their ability to learn features from raw input histopathological
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images end-to-end, passing the feature extraction step. In essence, to build a CAD sys-
tem to distinguish normal from abnormal samples using machine learning, one needs the
following steps:

e Step 1: Histopathological datasets are acquired.

e Step 2: Pre-processing: denoising, color deconvolution, color format conversion, stain
normalization.

e Step 3: Feature extraction and feature selection.

e Step 4: Applying classification.

Step 1 is complete for publicly available datasets and enables practitioners to focus on
building a CAD system. Such a system is then used to distinguish benign input images from
malignant images. A common step in CML and DL is the preprocessing of histological
images. For example, the histological images can be de-noised or color normalized [19,

]. De-noising and color normalization can be helpful steps to eradicate or decrease the
deviation of color or contrast information in a histopathological image. The deviations may
be caused by staining of a tissue, or by nonstandard scanning condition of a histological
slide. Subsequently, the quality of histopathological images can be improved, which assists
in capturing coherent characteristics of the content of the tissues. Coherent characteristics
increase the effectiveness of the classification model.

After pre-processing a histopathological image, the feature extraction step follows. Such
a step attempts to find a robust set of descriptors. Commonly, the attributes are com-
puted at the tissue level. Texture-based techniques (e.g., LBP, GLCM, and others) are
proposed in the literature [103, 28] to distinguish normal from abnormal tissues. However,
the feature extraction from a histopathological image can be done at the cellular level,
and in this case, applying color deconvolution can be of great use in obtaining H & E
components to highlight cellular components [222]. Some studies propose first to segment
the histopathological image, and then extract attributes from those segmented regions of
interest [0, |]. Other methods that are inherently different from texture-based ap-
proaches are proposed, e.g., visual perception-based features [103] which try to mimic how
the human visual system differentiates the patterns in histopathological images. Subse-
quently, after hand-engineering robust and discriminative features, the choice of a CML
technique (e.g., SVM or MLP) should have a minimal effect on the accuracy and efficiency
in classifying a histopathological image.

The other adopted pipeline is DL which is considered the state-of-the-art approach for
machine vision tasks [104]. A particular model of DL is frequently used for histopathological
image classification, namely CNN, e.g., in [10], |. As such, the CNN model takes the
raw histopathological images as input and applies a series of operations (e.g., convolution,
pooling, batch normalization, etc). Therefore, the use of such operations in designing a
deep neural network model plays a very important role in the robustness of classifying the
images. Thereafter, the learned feature maps are fed to a classification layer, typically
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SoftMax. Instead, some studies make use of the DL model to be utilized as a feature
extractor. Then, those feature vectors are fed to other CML models [32, 76].

However, DL models tend to achieve worse results when trained with a limited number
of samples, especially when trained from scratch [226]. There is a limited number of
samples of well-annotated medical images (as shown in Table 2.1). In this case, DL models
might potentially suffer from generalization and over-fitting. Once the model overfits the
datasets, it will not be able to generalize when it is presented with new samples. To
overcome this problem, many studies propose to apply data augmentation and fine-tuning
models that are pre-trained on a different task [226, 217].

2.4.1 Tissue Classification

The histopathological images are typically used to identify and characterize the stage of a
complex tumor. A histopathologist examines a histologic slide visually seeking particular
patterns to realize the diagnosis for a patient [165]. Similarly, a considerable number of
computational techniques are devised to mimic the process of a histopathologist for ana-
lyzing histopathological datasets to build an automated framework to classify normal vs.
abnormal tissues. Given the properties of histological images, some studies converting the
images to different color spaces [131], or applying color deconvolution [222] to obtain H &
E components that highlight the cellular components. Others, applying color normaliza-
tion [123, 33] which helps to avoid drastic color variations. In fact, another reason might
be for a stain normalization that some samples of a dataset are collected from different
locations, where the protocol of staining might differ; therefore, it is essential to apply
stain normalization prior to training a model for enhancing a classification performance.
Other problems specific to histopathological image classification are discussed by Komura
et al. in [103].

In Section 2.2.1 publicly available histopathological datasets have been summarized.
In the following subsections, we present a summary of CAD systems where we divide
our summarization as: 1) Traditional Learning-Based Methods, and 2) Deep Learning-
Based Methods. Particularly, we report the summarization of competing techniques that
evaluated their algorithms based on the publicly available datasets. Further, we also report
their corresponding performance. Later, we concluded the ‘Tissue Classification’ section
by providing a discussion.

Traditional Learning-Based Methods

First, we provide a summary of methodologies with their corresponding classification ac-
curacy that proposed traditional descriptors. A considerable number of these traditional
descriptors are based on texture features. As such, those texture-based descriptors can
be computed either directly on the gray-level or applied on the directional image repre-
sentations obtained using a spectral method. An advantage of using a spectral method
is the characterization of objects in a histopathological tissue with coarse- and fine-grain
directional sub-bands. Therefore, a histopathological image can be analyzed using various
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resolutions and orientations in which structural information (i.e., step edges) are well local-
ized. This has the potential to lead to an effective classification model to differentiate the
various tissue types. For instance, Ribeirio et al. [177] proposed using a fusion of descrip-
tors that were computed from both spatial and curvelet coefficients (i.e., fractal measures
and Haralick features). A subset of the features was selected using RELIEFF and used to
train a Polynomial classifier (PL). Ribeiro et al. examined their proposed method on two
datasets. When it was evaluated on Kather’s dataset to classify stroma vs. tumor using
only 250 examples of each class, they reported an accuracy of 97.68%. They reported an
AUC value of 0.994 for classifying Warwick-QU. Similarly, Bruno et al. [2&] applied LBP
but only on the curvelet coefficients that were extracted from the UCSB dataset. Then,
ANOVA feature selection was used to reduce the dimensionality. Finally, a PL was used
as a classifier which led to an accuracy of 100%.

In this thesis, we proposed to extract textural features (i.e., GLCM, LBP, LOSIB,
and SFTA) but in the shearlet domain where both magnitude and phase coefficients were
utilized. Our feature representation was reduced using PCA, and was examined on four
public datasets. The best-reported accuracy when an SVM model was trained on multi-
class Kather was 92.56%, on BreakHis when all magnification factors were treated as one
dataset the accuracy was 91.73%, on Epistroma was 98.04%, and on Warwick-QU was
96.29%.

In addition, Kather et al. [L03] proposed to combine various hand-crafted features to
potentially boost the classification results: lower-order and higher-order histogram features,
LBP, GLCM, Gabor filters, Perception-like (i.e., coarseness, contrast, directionality, line-
likeness, and roughness) features. When a subset of descriptors was used with an SVM
model to classify Kather’s dataset, the highest reported accuracy was 98.6% to classify
stroma vs. tumor. However, in the context of the 8-class classification problem, the
highest classification accuracy reported was 87.4%.

Other studies also proposed texture-based descriptors while incorporating the color in-
formation. For example, Bianconi et al. [22] proposed a modified version of LBP which
considered intra- and inter-channel descriptors in combination with local color contrast.
The authors tested their descriptors with a nearest-neighbor while using different datasets.
The highest reported accuracy while using multi-class Kather’s was 93.4%, while using
Lymphoma was 89.5%, while using Epistroma was 97.3%, and while using BreakHis the
image-level classification accuracy range was from 91.9% to 93.8% for the various magni-
fication factors. Similarly, Di Ruberto et al. [17] proposed to utilize each color channel
independently. As such, Di Ruberto et al. proposed extracting three sets of features:
GLCM features from the red channel, gray-level run-length matrix (GLRLM) features
from the green channel, grey-level matrix (GLDM) features from the blue channel. A fea-
ture selection technique was applied for each set of features, and then combined and fed to
train an SVM model. Although Di Ruberto et al. consider only intra-channel features (i.e.,
each channel R, G, and B was utilized separately), their model was able to achieve high
accuracy of 96.0% on the HistologyDS dataset, and accuracy of 96.8% on the Lymphoma
dataset.

Orlov et al. [161] applied a color deconvolution on the Lymphoma dataset to obtain
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the H & E components. The authors proposed using transform-based approaches (i.e.,
wavelets, Chebyshev, and Fourier) for each component. Then, features were computed
and combined to form a single raw vector of histological images of the Lymphoma dataset.
However, the best classification results were produced while utilizing the eosin components
only. It is an indication that transform-based techniques are capable of capturing features
at different locations and at multiple resolutions. When Orlov et al. used RBF, they
reported an accuracy of 99%. Further, Gonzalez et al. [71] studied the Lymphoma dataset
and reported perfect accuracy. Gonzalez et al. proposed utilizing orthogonal moments
(i.e., DSMs) that are scalar and uncorrelated. A sliding window was applied to extract
those moments locally. Also, N-way ANOVA was used to check the statistical significance
of the descriptors and window size.

Other generic traditional descriptors were also considered in the literature for the
classification of histopathological tissues. For example, Spanhol et al. [201] and Yu et
al. [235] both examined several hand-crafted features for breast cancer tissue classifica-
tion. Those examined features, for example, GLCM, LBP, CLBP, LPQ, Oriented FAST
and Rotated BRIEF (ORB), Threshold Adjacency Statistics (PFTAS), morphological fea-
tures, and SURF. These generic traditional descriptors showed promising classification
performance while classifying the breast cancer tissues. It is also worth noting that com-
bining contrasting descriptors, e.g. in [118], can boost the performance of a classifica-
tion model. While traditional ML-based techniques showed promising classification perfor-
mance, they require several steps starting from pre-processing, feature extraction/selection,
and classification. However, traditional ML-based techniques are capable of handling the
scarcity of histopathological tissue samples. With a low number of samples of given tissue
type, they are also less susceptible to over-fitting in comparison with DL-based techniques.

Deep Learning-Based Methods

On the other hand, better performance can be achieved using DL, and at times the combi-
nation of hand-crafted and deep features boosts the accuracy of a classifier. For example,
Alom et al. [I1] proposed using the Inception Recurrent Residual Convolutional Neural
Network (IRRCNN) model with data augmentation which was trained on BreakHis data
for each magnification factor. Alom et al. reported an image-level and patient-level ac-
curacies of almost 98% for each magnification factor. Similarly, Xie et al. [230] reported
an image-level and patient-level accuracy of almost 100% for each magnification factor
of the BreakHis dataset while fine-tuning Inception ResNet-V2 with data augmentation.
Furthermore, Jiang et al. [99] proposed to used SE-ResNet, a model based on the com-
bination of the Squeeze-and-Excitation block. When the model was used to classify the
BreakHis dataset, the reported accuracy at the image-level was in the range of 98.87% to
99.34% for the various magnification factors. Moreover, Xu et al. [232] first used a decision
DL model. As such, the model aimed to decide whether to crop the original image of
BreakHis images and whether the cropped patch was necessary for the classification stage.
Then, the selected patches were used to train another model for the classification, which
in turn provided feedback to the decision network. Such an approach led to an image-level
classification accuracy of approx. 98% for each magnification factor.
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Wang et al. [222] reported an accuracy of 92.6% while utilizing only 125 images of each
class from the multiclass Kather’s datasets to train a bilinear CNN model. However, higher
accuracy of 96.88% for classifying multi-class Kather’s dataset was reported by Maguolo
et al. [136]. Maguolo et al. re-trained VGG16 models with different activation functions
(i.e., Rectified Linear Units (ReLU), Mexican ReLLU, S-Shaped ReLU, and Piecewise Linear
Unit). Then, the outputs of these models have ensembled using the sum rule. However, in
this thesis, we proposed to utilize deep learning models as unsupervised feature extractors.
We reported an accuracy of 95.40% while using only a single DL model, i.e., descriptors
that were extracted from DenseNet-201, to classify the multi-class Kather’s dataset.

In the case of classifying the BACH dataset, a 4-class classification problem, many suc-
cessful techniques utilized DL models. A common approach was to train a DL model based
on patches to increase the number of samples [181]. Another approach was to fine-tune
pre-trained models that were successful in machine vision tasks [217]. An appropriate tech-
nique to conquer the difficulty of building an accurate classifier was to apply a hierarchical
classification model. First, the images were grouped into carcinoma and non-carcinoma
to train a classification model. Thereafter, a binary classifier was used to find the specific
label (i.e., in situ or invasive) in the case of carcinoma. Similarly, the same approach was
applied when an image was classified as non-carcinoma. An example of the aforementioned
approach is by Kone et al. [109] who fine-tuned ResNeXt50 with data augmentation. Kone
et al. reported an accuracy of 99% on the BACH 2018 dataset. However, such a hierarchical
approach is computationally demanding. Instead of dividing and conquering, lesmantas et
al. [94] proposed to train a custom shallow CNN model of 5-layers with two more capsule
layers. This model was trained based on extracted patches from the BACH dataset, and
the final label of an image was predicted using majority voting which led to an accuracy

of 87%.

Kumar et al. [114] examined traditional (i.e., LBP and bag-of-visual words) and deep
features techniques on the Path960 dataset which contains 20 labels, but the highest clas-
sification results were achieved using Bag-of-visual words. Similarly, Alhindi et al. [/]
investigated traditional (i.e., LBP and the histogram of gradients) and deep features on
Path920, but LBP descriptors led to their highest classification results. Kumar et al. re-
ported comparable results while using deep features with 94.72% accuracy using VGG16.
Alhindi et al. reported a low accuracy (i.e., 81.14%) using VGG19. However, it is worth
noting a study by Alom et al. [10] who proposed to use IRRCNN with different data aug-
mentation techniques (i.e., rotation, shear, zooming, and horizontal and vertical flipping).
Alom et al. [10] reported an accuracy of 98.79% while classifying Path960.

Alternatively, DL models (e.g., CNN) can be used as a feature extractor. However, such
models produce high dimensional descriptors from a particular layer. Combining feature
maps from multiple layers extracted from a DL model yields even a higher dimensional
space of features. Therefore, many authors proposed using a dimensionality reduction [32,

, | to speed-up the training process of a classifier. For example, Song et al. [200]
proposed not only to use deep features, but also utilized hand-crafted features. Song et
al. examined the following features: Dense SIFT, multiple layers of RBM, features of
fine-tuned CNN (i.e., VGG-VD) model. Then, those features were encoded using the FV.
Finally, a separation-guided technique was used to reduce the dimensionality. Particularly,
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CNN-based encoded descriptors using FV gave the best accuracy. Song et al. [200] reported
an accuracy of 98.3% using an SVM model to classify UCSB.

Discussion

Remarkable performance has been achieved in the literature (also see Appendix A for
summarization of other studies) utilizing those publicly available datasets, yet further
advancement can be made in the histology image classification. Several variables are often
not taken into consideration, for example, 1) the split of the training/testing is different
across different studies. Also, 2) some authors are using a subset of the data which might
influence the generalization of the model being trained. Although logically using fewer
samples to training a model is appealing, it is crucial to use representative and challenging
samples to train and test a classifier to obtain a robust model. 3) Some studies also rescale
the histopathological images; however, if training a deep learning model with variable size
images, then it is a must to rescale all images as the model expects a fixed size of images
for retraining (or training from scratch).

Therefore, in Chapter 3, we present novel shearlet-based hand-engineered texture de-
scriptors to classify tissue types (particularly of four datasets: Kather, BreakHis, Epi-
stroma, and Warwick). As such, statistics are computed from each directional sub-band of
the complex shearlet domain, where not only the magnitude but also the phase coefficients
are utilized in our study. Unlike other studies that use the shearlet transform, e.g., He et
al. [21], Dong et al. [50], and Zhou et al. [211] where the phase coefficients are discarded.
The phase coefficients are as significant as magnitudes for their embedded directionality in-
formation. Textural descriptors can capture local (or global) statistical properties [12, 195].
However, applying such methods directly in the spatial domain images can potentially lead
to missing essential characteristics of histopathological tissues due to the complexity of such
images. Instead, we leverage both the magnitude and phase coefficients to compute various
statistics from the directional sub-bands which can potentially lead to capturing significant
information. Furthermore, in our investigation, we set our experiments using common test-
ing techniques in the literature for a fair comparison. As evident, our model can generalize
on four publicly available datasets while accomplishing classification performance on par
with state-of-the-art techniques.

In the case of deep learning strategies, with the scarcity of well-curated histopatholog-
ical datasets for training/testing deep neural networks [171, ], training a deep learning
model can be a challenging approach. Some of the best-achieving methods are based on
training a DL model from scratch or opting to investigate a shallow DL model [101, ].
Such techniques might not be feasible because aggressive data augmentation and a long
training process are required. Therefore, we instead have explored the use of DL models in
two contexts for histopathological image classification (as described in Chapter 4): 1) pre-
trained models are examined as unsupervised feature extractors, 2) pre-trained models are
used as weight initializers either by fine-tuning weights of all layers or freezing some layers.
Subsequently, our strategies are requiring drastically less time for training and overcom-
ing the susceptibility to over-fitting [240]. Our deep strategies lead to high classification
results on four publicly available datasets (i.e., multi-class Kather, BreakHis, Epistroma,
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Warwick-QU). Our expectation that our techniques can be extended to biomedical image
classification that exhibits similar complex patterns. Therefore, we would like to examine
our hand-crafted and deep learning approaches on a different modality that present an
unrelated challenge, namely MRI. MRI samples are large because of the number of slices
per brain scan.

2.5 Early Diagnosis of Alzheimer’s Disease from MRI

In-depth reviews of existing techniques for AD are provided by Tanveer et al. [214] and
Ebrahimighahnavieh et al. [56]. According to Ebrahimighahnavieh et al. MRI data for
AD classification can be handled in one of the following ways:

e Voxel-based methods: this approach looks at the voxel intensity values from the
whole brain MRI or in the tissue components (i.e., in the gray matter or white matter
of the MRI by applying voxel-based morphometry).

e Sliced-based methods: the problem of the 3D volume is reduced to 2D where each
slice can be treated as an independent image without looking at the adjacent slices.

e Region of Interest (ROI)-based methods this approach requires prior knowl-
edge of the normal regions and identifying the damaged regions in the MRI scans.
Therefore, the focus of this approach can be on the damaged regions.

e Patch-based methods: this approach partitions an image into patches. This ap-
proach can be sensitives to the patch size, but does not require prior knowledge about
the regions in the brain like in the ROI-based methods.

However, in this section, we divide our review of techniques that used the ADNI
and OASIS data repositories (see Section 2.3 for more details about the repositories) for
Alzheimer’s disease classification into two categories: traditional and deep-learning-based
techniques. Such techniques are relevant to our proposed method of AD classification (see
Chapter 5). Finally, we discuss how our previous techniques are extended to be used on a
fundamentally different type of dataset, namely MRI.

Traditional Learning-Based Methods

Previously, we reviewed and discussed CAD systems that are related to histopathological
image classification. The same principle steps apply to the MRI data, but the MRI scans
can be handled differently (e.g., utilizing a sliced-based method).

An example of a study using a sliced-based technique is conducted by Altaf et al. [12]
who proposed to combine both texture-based and clinical data for AD classification. The
bag of visual word technique was utilized with a gray level co-occurrence matrix, scale-
invariant feature transform, local binary pattern, and histogram of gradient. The texture-
based features were extracted either from the whole image or segmented regions, i.e., grey
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matter, white matter, and cerebrospinal fluid. However, when GLCM was obtained, four
texture descriptors were computed, i.e., contrast, correlation, homogeneity, and entropy.
It is worth noting that only a subset of slices was used. If all slices were used, then the
feature vectors were averaged.

Other studies compute features from slices and/or voxels. For example, Nanni et
al. [147] proposed the fusion of texture-based and voxel-based features to train three binary
SVM classification models independently: AD vs. CN, pMCI (mild cognitive impairment
patient that might convert to AD) vs. CN, and pMCI vs. sMCI (mild cognitive impairment
patient that might not convert to AD). Alternatively, Faturrahman et al. [59] proposed us-
ing gray matter maps to extract 1) mean and standard deviation of voxel values, and 2)
segmentation values of the voxel location. Such attributes were used to train a deep belief
network.

In addition, Salvatore et al. [184] proposed training an SVM based on feature extrac-
tion and reduction of MRI samples using descriptors from PCA. PCA descriptors then
were sorted in a descending order based on their Fisher Discriminant Ratio (FDR) scores.
Salvatore et al. applied three classification tasks with the following: AD vs. CN, pMCI vs.
CN, and pMCI vs. sMCI.

Other studies proposed to extract information from ROI. For example, Lee et al. [122]
proposed using GLCM but instead of applying this texture-based technique on the spatial
domain slices, the authors computed the co-occurrence matrices from the voxel pairing.
Such attributes were computed from different regions of MRI scans, i.e., the hippocampus,
precuneus, and posterior cingulate cortex.

Some studies propose to use spectral methods with the MRI data for multi-scale and
different orientations analysis. For instance, Jha et al. [93] proposed using a dual-tree
complex wavelet transform (DTCWT) to transform each slice of an MRI. These wavelet
coefficients were reduced using PCA. Finally, a feed-forward neural network was used to
classify AD from CN samples. Similarly, Feng et al. [01] proposed using Daubechies wavelet
transformation for each scan of an MRI sample. From the directional sub-bands, energy
regions of interest were obtained to compute the energy descriptors, which were then fed
to the nearest neighbor classifier for AD classification.

Deep Learning-Based Methods

Unlike the traditional ML techniques, deep learning is utilized to handle the complexity of
MRI data in two ways using 2D or 3D deep learning models. An example of a sliced-based
DL model was proposed by Jain et al. [97]. Jain et al. fine-tuned a pre-trained VGG-16
where each MRI slice was considered as an input by shaping each slice as h x w x 3 to fit
the input layer of the CNN model. Each MRI sample was pre-processed where a subset of
slices was selected based on image entropy. Similarly, Yagis et al. [233] explored fine-tuning
VGG-16 and ResNet-50 for AD classification while each slice of an MRI was considered
as an independent labeled example. They only fine-tuned the last three layers and other
layers were frozen. Also, some slices were discarded based on image entropy.
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The split of slices is often done randomly where slices from the same patient can appear
in the training and the testing dataset. Arguably, subject-based splitting where slices of
a patient can only appear in the training or testing split is more appropriate. Yagis et al.
concluded that the subject-based splitting, i.e., slices of an MRI sample either appear in
the testing or training set exclusively, makes it more difficult to obtain high accuracy.

Instead of fine-tuning a DL model, Wang et al. [223] proposed to train an 8-layer CNN
with data augmentation for the classification task of AD vs. CN. Prior to training the
model, MRI scans were pre-processed for spatial normalization, smoothing, slice selection,
and histogram stretching. Similarly, Abrol et al. [I] proposed training a ResNet model first
to predict the MCI class only. Afterwards, this model was fine-tuned to predict AD vs.
CN samples. However, Lian et al. [125] proposed a patch-based hierarchical convolutional
network, where various data augmentation techniques were applied, i.e., random flipping,
distorting, and shifting, for the following binary classification tasks: (AD vs. CN) and
(progressive MCI vs. stable MCI).

Similar to Lian et al., Mendoza et al. [111] proposed a patch-based autoencoder clas-
sification model to distinguish AD vs. CN. This autoencoder was trained on a single 2D
slice and three independent views were explored: Axial, Coronal, and Sagittal anatomical
planes. The final label of a 2D slice was obtained using a majority voting rule from the
ensemble of patch classifications. As well, Pan et al. [162] proposed training a SENet (i.e.,
Squeeze-and-Excitation Network) with data augmentation. As such, a various number
of CNN models were trained on different views, i.e., sagittal, coronal, or transverse MRI
slices. Then, based on the particular binary classification task, the outputs of these various
CNNs were ensembled based on the three-axis slices.

Cao et al. [31] proposed first computing the gray matter images from the MRI data.
From such images, only a subset of the MRI slices was selected based on image entropy.
Further, the authors propose a framework that had two pipelines in which the first pipeline
processed the images as 2D, and the other pipeline processed the images as 3D. Then, the
feature maps from both pipelines were fed into a SoftMax layer to apply the following
classification task independently: (MCI vs. CN) or (MCI vs. AD).

Discussion

Conventional and deep learning techniques are proposed for AD classification from MRI
data. Different key factors play an important role while building such an automated
framework to classify AD; hence, it is difficult to compare one study to another. These
factors are the MRI data and selected participants, the image pre-processing techniques,
the split of the dataset to train a model, and the classification task. Consequently, to
assess and compare the performance of a method objectively is difficult because it is not
clear which part of the technique led to a tangible enhancement.

A popular first step before applying a conventional or deep learning approach is to
pre-process the MRI samples (e.e., skull stripping, intensity normalization, or other pre-
processing techniques). Software packages like FreeSurfer or CAT12 are popular for pre-
processing MRI data [58]). However, most of the previously summarized papers do not
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explicitly list the exact patient IDs of the ADNI or OASIS dataset that are used in their
studies. Further, the split of the training and testing data is different. One major key
component that also influences the generalization of a CML or DL model is mixing the
MRI slices for training and testing of a classification model. For instance, while labeling
each slice and randomly splitting these slices for training and testing, slices of a patient
might be in both sets of training and testing; hence, a high correlation of some examples
exist between both sets. Therefore, the reported classification results might be very op-
timistic [233, |. If this happens, then there was an ‘information leak’. Therefore, one
must make sure to strictly split the data where a subject appears exclusively in the training
or the testing split only.

Therefore, for fair comparison and for which components that are improved of our
proposed techniques, we set our experiments as close as possible to previous work published
by Salvatore et al. [185], and Hon and Khan [385]. In this manner, we use the same
MRI data and use a similar train/test protocol to examine our novel proposed techniques
to classify AD (as described in Chapter 5). Unlike many studies that proposed using
texture-based techniques [122, 12], our hand-crafted technique is adjusted to use the 3D
shearlet transform instead of the 2D shearlet. The 3D shearlet transform considers all slices
while transforming the volumetric MRI sample. To overcome the problem of the high-
dimensionality of a feature vector per MRI sample, each slice is represented by the average
presence of shearlet coefficients. Then, a texture-based method is used to summarize
those coefficients for each slice. Further, we also propose to fine-tune a DL model while
feeding stacked slices of an MRI. Then, we leverage such a fine-tuned model as a feature
extractor to train a CML model. Unlike other studies, for example [97, |, the authors
in these studies fine-tune a CNN model based on each slice independently. Also, some
studies [125, 162] trained a CNN model from scratch with the need for data augmentation.
Thereafter, given that shearlet-based and deep features calculate attributes from the MRI
differently, we concatenate both shearlet-based descriptors with deep features. We apply
two strategies for training a classification model after concatenating the feature vectors.
In one strategy, we feed the concatenated descriptors to an SVM or DTB, in the other,
we use a custom CNN model which will further process the attributes and then obtain the
classification model.

2.6 Summary

In this chapter, we have summarized CAD techniques that can be categorized as tra-
ditional and deep learning-based techniques for medical image classification. Classical
texture-based approaches are used extensively to distinguish between different pathologi-
cal conditions in medical images. In addition, it has been shown that DL techniques and
sometimes a combination of hand-crafted descriptors with deep features can lead to higher
accuracy in classifying different medical images.

Although DL techniques have received increasing attention in recent years, yet the
application of DL in medical image diagnosis is under scrutiny [57]. One possible reason
is the lack of standardized protocols, for example, data acquisition, or training and testing
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classification models. Another significant reason is that DL models require an abundance
of well-annotated samples in order to be able to learn the hidden patterns in medical
images. These datasets need to be well-annotated for supervised learning models, which is
a time-intensive task. The difficulty to obtain a large representative population of medical
images limits the application of DL and its advancement; hence, it is challenging to build
a model that is being able to generalize to new samples. Given the fact that there is a
shortage of well-annotated datasets, a desirable approach to overcome such obstacles is to
use a shallow DL model, to fine-tune pre-trained models [33, 94, 70] instead of training a
model from scratch, adopting semi-supervised [212, 10], or unsupervised [238, 2] techniques
for medical image classification.

Nevertheless, we model the classification of histopathological images by proposing, 1)
texture-based features in the shearlet domain that capture directionality not only in mag-
nitude coefficients but also in phase coefficients. Furthermore, 2) we utilize pre-trained
CNN weights for unsupervised feature extraction. Also, we investigate weights freezing
of shallower modules of SqueezeNet and ResNet, which potentially reduces the time re-
quired for re-training the model. Further, we propose exploring whether we can extend
the descriptors that we will develop for histopathological image classification to classify
Alzheimer’s disease from MRI samples.
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Chapter 3

Shearlet-based Techniques for
Histological Image Classification

3.1 Overview

A number of imaging modalities are available, e.g., magnetic resonance, x-ray, ultrasound,
and biopsy, where each modality can reveal different structural aspects of tissues. However,
the analysis of histological slide images that are captured using biopsy is considered the
gold standard to determine whether cancer exists [95]. Furthermore, it can reveal the stage
of cancer. Supervised machine learning can be used to classify histopathological tissues. A
number of computational techniques have been proposed to study histopathological images
with varying levels of success. Often handcrafted techniques based on texture analysis are
proposed to classify histopathological tissues.

In this chapter, we first provide a brief related work (see Section 3.2) of studies using
spectral techniques to classify the histopathological dataset. We construct a novel feature
space to automate the classification of tissues in histology images as described in Sec-
tion 3.4. Our feature representation is to integrate various feature sets into a new texture
feature representation. All of our descriptors are computed in the complex shearlet do-
main. With complex coefficients, we investigate not only the use of magnitude coefficients,
but also study the effectiveness of incorporating the relative phase (RP) coefficients to
create the input feature vector. In our study, four texture-based descriptors are extracted
from the shearlet coefficients: co-occurrence texture features, Local Binary Patterns, Local
Oriented Statistic Information Booster, and segmentation-based Fractal Texture Analysis.
Each of these descriptors captures significant local and global statistics. Therefore, we
study them individually but additionally integrate them to boost the accuracy of classify-
ing the histopathology tissues while being fed to classical classifiers. To tackle the problem
of high-dimensionality, our proposed feature space is reduced using principal component
analysis. In our study, we use two classifiers: support vector machine (SVM) and Decision
Tree Bagger (DTB) (described in Section 3.3).
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3.2 Related Work

The early identification of cancer is crucial for the histopathologist to propose an appropri-
ate treatment for patients. The process of histopathological tissue classification is tackled
in different ways. In this section, we focus on studies that use spectral techniques. For
instance, Kather et al. [103] and Linder et al. [126] proposed the use of multichannel Gabor
filtering to classify histology images.

Bruno et al. [28] proposed applying LBP on the curvelet coefficients of the transformed
image. In comparison to Bruno et al., we also use descriptors computed from a direc-
tional wavelet transform, but we demonstrate that it is advantageous to integrate various
descriptors computed in the shearlet domain to create the feature space.

A closely related technique to ours is proposed by Ribeiro et al. [I77]. Ribeiro et al.
computed descriptors with fractal techniques and Haralick descriptors from both spatial
images and curvelet coefficients to classify colorectal histology tissues. In contrast to
Ribeiro et al., we utilized both magnitude and phase coefficients of the complex shearlet
domain. A similar approach to ours is also proposed by Vo et al. [220] who extracted both,
phase and magnitude descriptors for textured image retrieval, but applied to non-medical
texture image samples.

Other studies also proposed using the shearlet transform which is a truly anisotropic
form of a wavelet. It has been previously used in different studies in which only the magni-
tude coefficients are utilized for the classification of textured images. He et al. [¢1] classified
textured images by using shearlet-based descriptors. They construct local energy features
from the shearlet coefficients, quantize and encode these local energy features making the
representation rotationally invariant. All energy histograms of all decomposition levels are
accumulated to represent the image characteristics. Instead, Zhou et al. [211] utilized only
specific levels of the decomposition of the shearlet domain for breast tumor ultrasound
image classification.

Dong et al. [50] proposed an approach for textured image classification and retrieval,
where the dependencies of adjacent shearlet subbands are modeled using linear regression.
To represent the shearlet subbands for classification, energy descriptors are computed.
However, the textured image retrieval consists of both statistics in the contourlet and
shearlet domains.

Meshkini and Ghassemian [112] used the inner product of co-occurrence matrix and
magnitude coefficients of shearlet transform to classify textured images. Different from
many published studies, we use both magnitude and phase coefficients of the shearlet
transform in our work Our proposed system is based on the combination of the discrete
complex shearlet transform with co-occurrence, LBP, LOSIB, and SF'TA which to the best
of our knowledge has not been investigated before. In particular, we consider different
scales of magnitude and phase coefficients in the shearlet transform, as we describe in
Section 3.4.
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3.3 Classification Algorithms

There exist many classifiers. We have examined a number of them in our study, e.g., naive

Bayes classifier [66], MLP [$0], discriminant analysis [03], nearest neighbor [13], and others.
As well, there are other classifiers that are based on weak learner ensemble, e.g., adaptive
boosting (AdaBoost) [65] and gradient boosting [35]. In this study, we also examined

AdaBoost, but gradient boosting would be worth to examine in the future. AdaBoost
and gradient boosting are based on ensembling weak learners in a sequential manner. The
new weak learner, i.e., decision tree, in AdaBoost puts more weight on previously miss-
classified examples. As such, the algorithm of AdaBoost attempts to reach a model that
can correctly classify these examples. Subsequent alternatives to AdaBoost have emerged,
e.g., gradient boosting, which is also based on an ensemble of weak learners. In comparison
to AdaBoost, gradient boosting identifies the limitation of the previous weak learner by
the gradient. As such, gradient descent is utilized to minimize the loss of the current weak
learner in comparison to the previous weak learner.

In this study, we particularly analyze the performance of two classifiers, which we found
to work well with our classification tasks. In particular, we consider one of widely used
classifiers in biomedical research, i.e., an SVM classifier. In addition to SVM, we consider
one type of decision tree, which is a DTB [26], that has the trait of being non-parametric.
As such, the distance between feature vectors is not computed in constructing decision
trees. In contrast, SVM performance is based on kernels that can influence the classification
performance [230]. It is also worth noting that different classifiers were compared by Thanh
and Kappas [215] who demonstrated that the highest classification results were obtained
by an SVM model, and then were followed by decision trees. In this study, we also use
SVM and DTB. Both are briefly described below.

3.3.1 Support Vector Machine (SVM)

In our study, we utilize an SVM with pairwise classification (i.e., one-versus-one class
decisions) [79]. Prior to training, we normalize all feature vectors to have equal mean
and variance. The kernel function transforms the input data into a higher-dimensional
feature representation, from which a hyperplane is formulated for classifying the input
tissue dataset.

SVM training requires the solution of a quadratic programming (QP) problem. To
simplify the solution of the problem, a sequential minimal optimization (SMO) solver is
used in our study [169]. This solver simplifies the QP into a smaller series of QP for the
training of SVM.

SVM training is impacted by the choice of the kernel function. In our study, we choose a
radial basis function as a kernel function as it universally approximates the training dataset
accurately. Therefore, the regularization parameter (C) is the only remaining parameter
that can be optimized. In our attempt to choose the best value of C, trials of values
between [1,5] with an increment of 1 were conducted. We found that in general C' = 5
delivered the best classification performance. Therefore, the value of C' = 5 is set for all of
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our experiments. Most importantly, C is a regularization parameter that manages the
penalty on the margin-violating support vectors, and helps in avoiding over-fitting. When
a smaller penalty value is chosen, the wider the margin, and typically more support vectors
lie within the margin. On the other hand, a larger penalty value might lead to fewer support
vectors on the margin. A larger penalty value can lead to heavily weight misclassified
support vectors, a smaller margin, and a higher risk of over-fitting. More details about

SVM can be found in [60].

3.3.2 Decision Tree Bagger (DTB)

DTB [26] is an ensemble classifier, i.e., each classifier in the ensemble is a classification and
regression tree (CART). A decision tree splits the dataset. The impurity of the dataset
is reduced by each split in comparison to the dataset being split. The Gini index [132] is
utilized to measure the impurity of each dataset. In the decision tree, the original dataset
is associated with the root node, and each child node holds a partition of the dataset of
the root. Partitioning the dataset is repeated at each of child nodes. The goal of such a
process is to reach a pure partition of the data at the leaf nodes for each branch of the tree.
When a tree is built from the training dataset, a tree can be traversed from the root to
each of the leaf nodes to generate rules. Afterward, these rules can be used to classify the
unknown dataset. It is worth noting that the tree structure can be different for the same
classification problem depending on the training dataset. As a result, the classification
results may also be different.

DTB grows a number of decision trees in an ensemble. In our experiments, we set
the number of grown trees to be 750 decision trees. The outcome is combined using
bootstrap-aggregated (bagged) decision trees. As such, replicas of the training set are
generated to train individual decision trees with replacement from the provided training
set. These replicas vary, which generates different trees, and the outcome of these trees
can be bagged to obtain an improved classification result. As an advantage, the bagging
technique reduces the susceptibility to over-fitting. In our utilization of DTB, the grown
decision trees select a random subset of attributes at each node to determine the split as in
a Random Forest [27]. The size of the random subsets is the square root of the number of
attributes in our experiments. As an advantage, this can potentially speed up the process
of building a decision tree.

3.4 Method

Figure 3.1 provides an overview of our proposed system for the classification of histopatho-
logical images. A detailed description of each component of our method is provided in the
following sections. MATLAB® 2017b is utilized for the implementation of our techniques.

Our proposed method consists of three steps:

e Step 1: For a given histopathological image, we apply the complex shearlet transform.
With the complex coefficients, we compute the magnitude and relative phase (RP).
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Figure 3.1: Overview of our shearlet-based system for histopathological image classifica-
tion. (¢©) Copyright IEEE 2019.

e Step 2: We then extract four sets of features from the directional sub-bands of the
magnitude and RP: co-occurrence based texture features, local binary pattern, local
oriented statistics information, and segmentation-based fractal texture analysis.

e Step 3: We then apply one of two different classifiers: DTB or SVM.

3.4.1 Attributes from the Complex Shearlet Transform

In this chapter, we construct our proposed novel descriptors in the shearlet domain [115].
The shearlet transform, as shown by the authors, is an efficient tool to capture 2D direc-
tional features from an image. The shearlet coefficients localize spatially distributed dis-
continuities and are contrast invariant [176]. Although curvelets [30] and contourlets [45]
have similar properties to shearlets and have been used for image classification [28, ],
both have certain limitations [I15]. Curvelet generation based on rotation operator does
not preserve the digital lattice, and contourlet arguably lacks a well-established theory.

On the other hand, a characteristic of the shearlet transform is its use of shearing
to control directional selectivity. This operation does not destroy the digital lattice, i.e.,
unlike the curvelet transform which does in most cases. Therefore, the shearing allows a
digitized implementation of the shearlet transform. The shearlet transform is based on
affine system theory. Such an affine system consists of the following three operators.

1. First, the dilation operator that is based on the parabolic scaling A, matrix, where

a > 0:
a 0
(0 0)

2. Next, to capture the orientations of waveforms, the shearing matrix B, is utilized,

where s € R:
1 s
=0 1)

3. Finally, a translation operator (i.e., t € R?) is used as a mean to change the position.
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From these three operations, we then can obtain the continuous domain of shearlet
where the mapping function is defined as: SHy f(a,s,t) =< f,W,s, > for f € L*(R?).
Then, the shearlets are computed as

U, oi(x) = |det My | 20 (M) 'z — t). (3.1)

Such shearlets capture anisotropic features and generate well-localized waveforms since it
uses parabolic scaling and shearing matrices. Both of these operations are embodied in
M, s, and defined as follows:

0 a2
To obtain the shearlets in the discrete domain [55], the continuous shearlets are sampled
on a discrete set of parameters. As such, one can choose a = 277 and s = —[, where j,1 € 7Z,

to compute the Ms—; ;. Then, M27j7_l_1 = My;; = B'AJ, where B and A can be defined

as:
40 11
(o) 2=(01)

Given that j,I € Z and also the translation parameter ¢ is replaced with k € Z2, the
discrete shearlet transform then can be obtained as

U, 0(z) = |detA|2U(B ATz — k). (3.2)

Now, having computed the complex shearlet transform, we propose a set of novel de-
scriptors that capture statistical distribution/information of the shearlet magnitude/phase
components for each scale and direction [ 15]. For a complex number C' = x+iy where z is
the real part and y is the imaginary part, the magnitude and phase coefficients are defined
as: p= a2+ y? and 0 = tan~'(y/x), respectively. In comparison to others [31, 241] who
only consider the magnitudes, we investigate the effectiveness of phase coefficients and
their ability to classify bio-medical textured images. We empirically show the effectiveness
of phase coefficients in Section 3.6.

In a previous study, Vo et al. [220] proposed the extraction of descriptors from the
relative phase (RP) of a complex directional filter bank for textured image classification.
We adopt this idea, but instead extract the relative shearlet phase coefficients. A given
image of size N x N is decomposed by the complex shearlet transform with S scales and
K orientations for each scale. We denote (i, j) as the sub-band phase angle coefficient
at position (i, 7) at scale s and orientation k, where s = 1,2,....;.S and k = 1,2, ..., K. In
our study, S =4 and K = 8 per scale.

For a given phase coefficient at location (¢, j), RP of a directional sub-band is obtained
as follows:

Ok (i, 4) — Ose(d, j + 1), if 1 <<’f (3.3)

<
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The vertical and horizontal differences are chosen because of the direction of shearing in
the shearlet transform. The shearlet transform is multi-scale and multi-directional which
provides a multi-resolution analysis of textured images. Statistical descriptors are com-
puted for each directional sub-band (i.e., from magnitude and RP). In our investigation,
we use the ShearLab implementation of the complex shearlet transform by Kutyniok et
al. [117].

In our research, we explore four different methods to extract informative descriptors
from the magnitude and RP of shearlet coefficients. FEach method is briefly described
below:

Co-occurrence Matrix (CM)

The first feature set is the CM which has been originally proposed by Haralick et al. [77]
and then further descriptors were studied [1958, 40]. The texture-context information (i.e.,
from the gray-level images) is represented as a matrix of relative frequencies Fj; for two
neighboring pixels where the first pixel has a gray level ¢ and the second pixel has a gray
level j separated by pixel distance PD. The co-occurrence matrices can be calculated
for different orientations, i.e., a matrix contains relative frequencies for quantized angles
and distance between neighboring pixels. We utilize a distance of PD = 1 and angles
= (0°, 45°, 90°, and 135°) to compute the CMs. The extracted descriptors become in-
variant with respect to rotation by calculating the mean [103] of all four directions for
the given distance of PD. We compute twenty textural features: contrast, correlation,
energy, autocorrelation, cluster prominence, cluster shade, dissimilarity, entropy, homo-
geneity, maximum probability, sum of squares, variance, sum average, sum variance, sum
entropy, difference variance, difference entropy, information measure of correlation, inverse
difference normalized, and inverse difference moment normalized. This texture feature
extraction from the magnitude/RP coefficients follows common practice; therefore, yield-
ing 20 x 32(# of directional subbands) = 640 descriptors for each magnitude and RP. We
calculate the CM from the shearlet magnitude and RP components of each directional
sub-band. Unlike the spatial domain [77] where the various CMs are concerned with the
statistical distribution of the gray tones, the CM of shearlet magnitude and RP components
summarize the significant information of directionality features of an image at a particular
scale and orientation.

Local Binary Pattern (LBP)

LBP [157] provides rotationally invariant statistics of the local texture occurrence which
is typically categorized as ‘uniform’ patterns of the gray tones of an image. However, the
magnitude/RP of a transformed image using shearlets captures field dominant direction
features [163, 29]. Most importantly, these directionality features can categorize significant
structural information (e.g., step edges) [160]. We use LBP to encode the field dominant
direction features in a sub-band of the shearlet. Hence, for a given shearlet (SH) coefficient
(i.e., representing the magnitude or RP) at the location (i, 7), the LBP of the SH coefficient
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is computed as follows:

1, =z2>=0.

3.4
0, z<0. (3:4)

P-1
LBPpp =Y s(SH,— SH.)2" s(x) = {

p=0

SH,. and SH), are the central magnitude (or RP) values. P are the neighbor coefficients
that are surrounding the central magnitude (or RP) values in the circular neighborhood.
In this study, a feature vector for each sub-band is computed using a radius of R = 2 and
a neighborhood of P = 8, where the window size is equal to the image size. Based on
this formulation, the number of descriptors [157] of each directional sub-band is (P + 2).
Thereafter, all sub-band feature vectors of an image are concatenated, obtaining 10 x 32 =
320 descriptors for each magnitude and RP.

Local Oriented Statistic Information Booster (LOSIB)

In this study, we propose one more novel technique that combines LOSIB [67] with the
shearlet transform to capture intrinsic statistical information from the shearlet magni-
tude/RP coefficients.

The first step of the LOSIB pipeline is to obtain the absolute difference d, between
the central shearlet value with P neighboring values (i.e., applied to all central magnitude
(or RP) values ¢ of a particular directional sub-band) as follows: d,,(ic, j.) = |SH. — SH,|
where p € 0,1,..., (P —1).

Thereafter, the differences across the same orientation are averaged according to the

following formula:
B Zi{ﬂzgﬂ dp(Te, Ye) 35
Hp = M-N (3.5)
where N and M are the height and width of the image, respectively. A feature vector for
each sub-band is computed using a radius R = 1 and neighborhood P = 8. This yields
a feature vector of size P for each directional sub-band. Then, feature vectors of all sub-

bands are concatenated. This yields 8 x 32 = 256 descriptors for each, magnitude, and
RP.

Segmentation-based Fractal Texture Analysis (SFTA)

The last set of descriptors proposed in this study is based on SFTA [12]. In the first step,
SFTA decomposes the input directional sub-band (of shearlet magnitude or RP) using Two-
Threshold Binary Decompositions (TTBD). This results in a number of binary images in
which the dimension of the fractal boundaries, the average gray level, and the count of
pixels belonging to the region are calculated. In our application of the method by Costa
et al. [12], we use a number of thresholds of n, = 4 which yields 21 descriptors for each
directional sub-band. Therefore, 21 x 32(# of directional subbands) = 672 descriptors for
each, magnitude and RP.

36



Table 3.1: Summary of datasets used in Ch. 3.

DB #Classes #Samples Sample Size
Kather’s 8 5000 150 x 150
BreakHis 2 7909 700 x 460
Epistroma 2 1376 Variable
Warwick-QU 2 165 Variable

3.4.2 Fusion of Feature Sets

In addition to comparing the effectiveness of the above four descriptors, we also explore
whether an extended feature representation combining different shearlet descriptors could
enhance the performance of a classifier. This is justified as different descriptors are con-
ceptually contrasting, and each feature set captures certain aspects. The selected set of
descriptors to be used jointly was based on the merit of individual descriptors and their
capability of achieving reasonable accuracy. We test the following fusions:

e Fusion #1: (CM + LBP + LOSIB + SFTA) descriptors of shearlet magnitude and/or
RP.

e Fusion #2: (CM + LOSIB) descriptors of shearlet magnitude and/or RP.

e Fusion #3: (CM + LBP + SFTA + CM Dot shearlet coefficients [112]) of shearlet
magnitude and (CM + LBP + LOSIB) of shearlet RP.

3.4.3 Principal Component Analysis (PCA) for Feature Reduc-
tion

In the previous section, we investigate feature fusion. Evidently, with the combination of
different descriptors, the number of features increases. Therefore, we apply PCA to the
fusion scheme with the highest accuracy. The PCA coefficients are rotated to maximize
the orthomax criterion [78], and to obtain a final basis with simple structure [206]. After
principal components (PCs) are rotated to maximize varimax, they are used to project the
fused features to a decorrelated space.

3.5 Experiments

3.5.1 Datasets

To evaluate our proposed approach in this study, four different histopathological datasets
are used, as described in Section 2.2.1. As a reminder, we provide a summary of these four
datasets in Table 3.1.
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3.5.2 Cross-validation (CV)

In our study, we utilize cross-validation (CV) to obtain robust statistical results, and
in order to be able to generalize the results with each classification model. This ap-
proach is commonly used in the literature to examine a proposed technique. Therefore,
our choice of the number of folds to split a dataset is based on previous studies. As such,
the following dataset are divided using 10-fold CV: multi-class Kather’s (as Kather et
al. [103]), Epistroma (as Ramalho et al. [175]), Warwick-QU (as Ribeiro et al. [177]).

The datasets are divided into mutually exclusive folds with approximately equal size
(i.e., some of the datasets are imbalanced): 9-folds are used to build a model, and 1-fold is
used to test the model. The process is repeated 10-times, such that the test set is different
each time. Finally, the overall performance metrics are estimated by taking the mean from
the tested 10 independently built models. However, the BreakHis dataset is split into
7-folds CV for training and testing as in a previous study [101].

Performance Metric

Commonly used performance metrics to examine the classification performance of histopatho-
logical image classification are accuracy (ACC) and area under the receiver operating char-
acteristic (ROC) curve (AUC). In addition to ACC and AUC, we also report sensitivity
(Sen), and precision (Prec) as was suggested by the reviewers of our journal extension
version [7].

The computation of each evaluation metric is calculated as follows:

e ACC = (TP +TN)/N. This metric represents the test examples that are correctly
classified over all the number of test examples available. As such, true positive (TP)
and true negative (TN) are the correct examples, and N = (TP+TN)+(FP+FN),
where false positive and false negative are denoted as FP and FN, respectively.

e AUC: This metric relies on the plot of ROC (i.e., false-positive rate (=FP/(TN+FP))
on the x-axis against sensitivity on the y-axis). Therefore, the accumulated area
under the ROC curve yields the AUC value (i.e., between 0 & 1, where 1 is a good
performing model).

e Sen = TP/(TP + FN) measures the ability of a model to correctly predict the
positive condition when it is actually positive.

e Prec =TP/(TP+ FP) measures the ability of a model to correctly identify positive
cases.

3.6 Results and Analysis

We apply the shearlet transform as detailed in Section 3.4 to four different datasets (de-
scribed in Section 3.5). We compute the RP and magnitude from the complex shearlet
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coefficients. Then, to evaluate the strength of our proposed techniques, we utilize four
commonly used measures for classification: ACC, AUC, Sen, and Prec.

In the literature, there exist descriptors extracted from multi-directional and multi-
resolution wavelets (e.g., shearlet, contourlet, and others). In this regard and to the
best of our knowledge, we have implemented descriptors of previously published studies.
These descriptors are applied on the transformed (i.e., using complex shearlet transform)
histopathological dataset:

e Vo et al. [220]: The authors propose to extract the circular mean and circular vari-
ance from the RP and mean of magnitude of each sub-band. We extract the same
descriptors of each shearlet sub-band and then concatenate them to form the feature
vector.

e Meshkini and Ghassemian [112]: The resultant inner product of the co-occurrence
matrix and magnitude coefficients of shearlet is used as a feature vector.

e Zhou et al. [241]: As proposed by the original authors, a combination of three feature
types are extracted and used jointly in our experiments. The three feature types are
only used on the magnitude coefficients and are computed as follows: 1) Only the
first layer in the horizontal cone of shearlet is utilized to obtain the co-occurrence
matrix and then the entropy, correlation, contrast and, energy are calculated; 2)
From only the first and third layer coefficients in the horizontal and vertical cones
of the shearlet transform, the mean, variance, and energy are computed; 3) From
high-frequency sub-band coefficients, the maximal values are extracted from each
column.

e Dong et al. [50]: The authors compute the mean and standard deviation of the
magnitude coefficients of each sub-band to obtain the feature vector of an image.

Part (1) in Figure 3.2, 3.3, 3.4, and 3.5 presents the classification performance of the
techniques as detailed above for Kather, BreakHis, Epistroma, and Warwick-QU datasets,
respectively. Further, we provide the classification results in form of tables in Appendix B
(i.e., the variants shown in italic in Part (1) of the Tables B.1, B.2, B.3, and B.4 are not
examined in the original studies but we have added them for comparison). We notice that
utilizing both of the magnitude and RP of the shearlet coefficients enhance the classification
performance irrespective of the classifier (i.e., SVM or DTB) model and enhances the
performance of other techniques. It can be seen that the attributes proposed by Vo et al.,
using both magnitude and RP, attain better performance than other baseline methods.
When utilizing the multi-class Kather’s dataset, our proposed descriptors extracted from
the shearlet coefficients of both magnitude and RP can achieve reasonable accuracy between
82% to 86% when using an SVM model, but DTB yields accuracy spans only between 79%
to 81% as presented in Part (2) of Figure 3.2 (See Table B.1). The highest AUC value
= 0.9773 is obtained while classifying Kather’s dataset utilizing LOSIB attributes coupled
with the SVM model. Furthermore, we compute the Sen and Prec which the highest values
are achieved using LOSIB coupled with SVM (i.e., 0.8632 & 0.8664, respectively). However,
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when incorporating various descriptors together, for instance Fusion #3 improves the
accuracy about 6.22% points as presented in Part (3) of Figure3.2 & Table B.1 when using
an SVM model.
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Figure 3.2: Classification performance on Kather’s dataset using shearlet-based descriptors.
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We report the classification performance on the BreakHis dataset by considering all
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(b) DTB classification performance

Figure 3.3: Classification performance on BreakHis dataset using shearlet-based descrip-
tors.
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Figure 3.4: Classification performance on Epistroma dataset using shearlet-based descrip-
tors.

four magnification factors as one dataset (as seen in Figure 3.3). We observe that SFTA
has attained the highest accuracy of 89.72% on the validation split (with a corresponding
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Figure 3.5: Classification performance on Warwick-QU dataset using shearlet-based de-
scriptors.

AUC = 0.9527, Sen = 0.8040, and Prec = 0.8593) while utilizing both magnitude and
RP. As presented in Part (3) of Figure 3.3 (See also Table B.2), Fusion #1 has led to
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Figure 3.6: Classification performance of SVM with an increment of 50 principal compo-
nents (PCs) of best Fusion till all PCs are used.

a higher accuracy of 91.28% (with an AUC = 0.9650, Sen = 0.8391, and Prec = 0.8775).
Evidently, due to the high skewness in the BreakHis dataset, the classifier is biased toward
the majority class (i.e., malignant cases) as it is observed with lower values in sensitivity
and precision.

Similarly, we conduct our technique on the Epistroma dataset (results reported in Fig-
ure 3.4 & Table B.3). We observe when descriptors extracted from both, magnitude and
RP, utilizing CM leads to an accuracy of 97.24% with AUC = 0.9917, Sen = 0.9733, and
Prec = 0.9807. In Part (3), Fusion #3 enhances the accuracy to 97.46% with a AUC
value = 0.9925, Sen = 0.9769, and Prec = 0.9809. Moreover, the classification perfor-
mance on Warwick-QU are is presented in Figure 3.5 (See also Table B.4). Once more,
CM descriptors of both, magnitude and RP lead to the best accuracy of 95.70% (with
value AUC = 0.9860, Sen = 0.9446, and Prec = 0.9589) of our proposed individual fea-
ture representation. Part (3) presents that Fusion #2 leads to the highest accuracy of
96.29% with an AUC = 0.9860, Sen = 0.9571, and Prec = 0.9589. It is worth noting
that the reported standard deviations corresponding with classification performance on
this dataset are higher than the other datasets because the number of validation exam-
ples of this dataset is significantly smaller. As shown in Fig. 3.6, we attempt to reduce
our feature representation for each dataset. As such, we further process the combined
descriptors of the best achieving fusion method with PCA. Our goal is to keep the PCs

44



Kather Dataset Classification Using SVM with PCA BreaKHis Dataset Classification Using SVM with PCA

Tumour

Stroma

Benign 2074 406
Complex

Lympho

True Class

Debris

True Class

Mucosa

Adipose Malignant 248

Empty

SIS R R N
< = Oo“\\) o 0% W@ &« Benign Malignant

Predicted Class Predicted Class

(a) Kather classification (Fusion #3) confusion ma- (b) BreakHis classification (Fusion #1) confusion
trix matrix

Epistroma Dataset Classification Using SVM with PCA Warwick-QU Dataset Classification Using SVM with PCA

Epithelium Benign

0 "

8 8

o [}

Q [}

=] =}

2 2

Stroma Malignant
Epithelium Stroma Benign Malignant
Predicted Class Predicted Class

(c) Epistroma classification (Fusion #3) confusion (d) Warwick-QU classification (Fusion #2) confu-
matrix sion Matrix

Figure 3.7: Confusion matrices of our best performing proposed methods while using
reduced set of features (see Figure 3.6).

that maintain or increase the accuracy when compared to using all descriptors. We have
established from Table B.1 - Table B.4 that the SVM model has strong capabilities to
classify histopathological tissues which is therefore coupled with the best fusion of the cor-
responding dataset to find a reduced set of features. In case of the Kather dataset, we were
only able to reduce the number of features of Fusion #3 from 7648 to 7500 while main-
taining high accuracy of 92.56%(£1.29%) with a corresponding AUC = 0.9905(+0.0020),
Sen = 0.9256(+0.0130), and Prec = 0.9270(£0.0125). A drastic reduction of attributes
from 3776 to 1750 features for the BreakHis dataset was possible while slightly improving
accuracy = 91.73%(£00.59%) with AUC = 0.9654(%0.0057), Sen = 0.8363(£0.0188), and
Prec = 0.8936(+0.0169). Again, the accuracy of classifying Epistroma increases slightly
to 98.04%(£1.03%) with AUC = 0.9960(40.0043), Sen = 0.9867(+0.0120), and Prec =
0.9809(+0.0136) when reducing the number of descriptors from 7648 to 6400. Further-
more, to classify the Warwick-QU dataset, only 900 (out of 1792 attributes) are needed
to achieve the highest accuracy of 96.29%(£7.89%) with AUC = 0.9860(+£0.0353), Sen =
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Figure 3.8: Classification performance of SVM with an increment of 50 PCs of Fusion #3
till all PCs are used.

0.9571(£0.0964), and Prec = 0.9589(%0.0945). For a completion for feature reduction,
we provide the confusion matrices of each best performing SVM model while using the
reduced set of features as shown in Figure 3.7.

Furthermore, the complexity of histopathological images differs from one dataset to an-
other. Although our proposed individual shearlet-based descriptors are capable of achiev-
ing reasonable accuracy across the four histopathological image datasets, the best fusion
which can be used to achieve the highest potential accuracy classifying the histological
image dataset is not always the same (as shown in Fig. 3.6). Considering Fusion #3 of our
shearlet-based descriptors expressed in the principal components, we can observe differ-
ent patterns of classification performance while using an increment of 50 PCs in Fig. 3.8.
Therefore, our shearlet-based descriptors appear to be general enough for any histological
image analysis, and carefully choosing a type of fusion that maximizes the recognition of
the tissue type is sufficient. In the literature exist state-of-the-art techniques that use the
same datasets that we have used in our study. We report their results in this section to
show that our proposed techniques are on par with those techniques and achieve excellent
performance in terms of accuracy and AUC. Our proposed approach achieves competitive
results in all cases making it an appealing technique for pattern recognition in medical
imaging. Wang et al. [222] achieve an accuracy of 92.6% (and AUC = 0.985) while train-
ing/validating a bilinear CNN with Kather’s dataset, but our proposed approach achieves
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comparable accuracy, yet better AUC as shown in Table B.1. Furthermore, Jonnalagedda
et al. [101] were able to achieve an accuracy of 92.2% (and AUC = 0.92) while using
a deep learning model (with augmented images and information from tumor nuclei) on
BreakHis; evidently, our approach is capable of achieving higher AUC but with slightly
lower accuracy.

In the case of the Epistroma dataset, Ramalho et al. [175] achieved an accuracy of ~
95% based on a structural approach using co-occurrence statistics; however, we achieve
better accuracy. Ribeiro et al. [177] proposed to extract a set of features (i.e., Fractal
measures, Haralick features, and curvelet) from Warwick-QUC for which they obtain a
higher AUC of 0.994 but they did not report accuracy.

We show that our technique competes with the state-of-the-art including those based
on CNN in terms of classification accuracy. Our approach is based on hand-crafted features
and gives comparable results to resource-extensive CNN-based approaches. The approach
based on different descriptors in our study is capable of handling the limited number of
samples in biomedical datasets. The highest accuracies in our study are obtained using an
SVM model which is considered as a black box and the classifications made by such models
are difficult to interpret and explain [53]. In addition to SVM, we explored DTB which is
capable of achieving reasonable results, and might be a more favorable approach in certain
applications as they have higher interpretability [71]. However, navigating through a rule
to understand a decision made by a DTB is still a challenge since our main descriptors
are computed based on shearlet coefficients. Therefore, linking the computed statistical
information from the shearlet transform to a particular region of interest in a tissue type
can be difficult. It is worth noting that our main concern in this study is to establish a
robust approach for classifying histological images.

3.7 Summary

In this chapter, we have presented our proposed technique to build an automated framework
for the classification of histopathological images based on novel shearlet descriptors. Such
descriptors are robust to predict tissue types. We use a complex shearlet transform where
we can leverage the multi-resolution and multi-directionality to characterize a tissue type.
Further, we can compute phase and magnitude coefficients from the complex coefficients.
Therefore, we have computed various local and global statistics that encode and summarize
the phase and magnitude coefficient information. Our hand-crafted approach was effective
in achieving competing classification results while handling small size histopathological
datasets which present different levels of complexity.
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Chapter 4

Histological Image Classification
using Deep Features and Transfer
Learning

4.1 Overview

In this chapter, we study the benefits of using pre-trained deep learning models as unsu-
pervised feature extractors and transfer learning for histopathological image classification.
Given that well-annotated histopathological datasets are scarce, training supervised deep
neural networks is a challenging issue [171]. Various studies reported remarkable classi-
fication results [101, | that are based on training a DL model either from scratch or
opting to investigate a shallow DL model. Such studies, which also utilized supervised
DL strategies, delivered effective models with the cost of using aggressive data augmen-
tation and potentially long training time to reach an optimal model. Instead, we would
like to study the applicability of pre-trained CNNs model while utilizing publicly available
histopathological datasets that present varying levels of complexity.

Four state-of-the-art deep learning models are used as unsupervised feature extractors,
as described in Section 4.3. These pre-trained models are utilized to obtain a more abstract
representation, i.e., a feature vector for each histopathological tissue. Then, an SVM model
is trained to classify the histopathological image, i.e., to quantify the effectiveness of such
DL models to map a tissue. Furthermore, the same four models are re-trained end-to-end
without any data augmentation, as described in Section 4.4. Finally, two of the smaller
models, i.e.; SqueezeNet-v1.1 and ResNet-18, are selected to examine the effect of block-
wise fine-tuning. The same smaller models are also used to examine the effect of varying
the number of tissue samples per class in the context of colorectal cancer histology on
the multi-class Kather’s dataset. The goal of this chapter is to benchmark the accuracy
of deep features as compared to fine-tuning in histopathological image applications. In
Section 4.6, we compare the performance of our techniques and other exiting approaches
using the same datasets.
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4.2 Deep Models For Histopathological Images

We use pre-trained models that are trained on large datasets of non-medical images (i.e,
ImageNet). These pre-trained models are used either as feature extractors or weight ini-
tializers for histopathological image classification. We then compare the performance of 1)
an SVM model trained and tested on the deep features extracted from pre-trained models
(see Section 4.3); 2) Re-trained models (initialized with pre-trained weights) with minimal
changes in the model architecture for different tissue types classification (see Section 4.4).

Various models are designed to capture intrinsic information from the input data in
a CNN model. In this study, we examine lightweight networks, namely, SqueezeNet ver-
sion 1.1 [93] and MobileNet version 2 [186]. In addition, we also would like to examine
the applicability of larger networks, namely, ResNet-18 [33] and DenseNet-201 [29]. In
particular, SqueezeNet exploits filters of various sizes that are potentially capturing fine-
grained and coarse attributes of a histopathological image. The authors of MobileNet-v2
show that their model is faster than, e.g., ShuffleNet [237] and NASNet [241]. On the
other hand, DenseNet-201 exploits previously obtained feature maps, i.e., feature reuse.
As such, they are propagated and concatenated with current feature maps in a depth-based
manner, which inputs more information to the subsequent layers. Unlike DenseNet-201,
the ResNet-18 model concatenates feature maps, but using element-wise operation.

Other DL models of similar nature were explored in our study. For instance, Incep-
tion [209] is similar to the DenseNet design, which also uses skip connection to concatenate
feature maps in a depth-based manner, but the Inception building block is wider and gen-
erated by kernels of different sizes. When Inception was examined for histopathological
image classification, it was not as effective as DenseNet. Furthermore, they are other
older models that did not employ the concept of skip connection, and such models can
potentially be slow to train and face vanishing gradients, e.g., AlexNet [I12] and VGG
architectures [195]. These models were also examined for histopathological image classifi-
cation and did not yield promising results in our experiments.

A brief description of the four models that are used in this study is as follows.

e SqueezeNet-v1.1 [93]: This network starts with a convolution layer (convl), followed
by eight blocks of 2-9 fire modules. A fire block starts with a squeeze convolution
layer of size 1 x 1 which goes into two expand layers, one that has a filter size of
1 x 1 and the other has a size of 3 x 3. The feature maps of the two feed into
a concatenation layer which is an input to the squeeze layer that outputs to the
following fire module.

e MobileNet-v2 [180]: This model introduces two types of blocks: 1) combination
of linear bottleneck operations, and 2) skip connection. Both blocks contains the
following operations: convolution, batch normalization, and modified rectified linear
unit (i.e., min(max(z,0),6)). This model has a total of 16 blocks.

e ResNet-18 [83]: This network consists of 8 modules where each module consists of
two convolution layers both have a filter size of 3 x 3, and each filter is followed by
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Figure 4.1: Our approach for using deep features for histopathological image classifica-
tion. (¢©) Copyright IEEE 2020.

batch normalization. The Element-wise addition is applied to both, the output of a
previous module with the current one.

e DenseNet-201 [89]: The architecture of this network is also based on the concept
of residual learning introduced with ResNet [33]. Unlike ResNet which applies the
element-wise addition of previous feature maps, DenseNet applies depth concatena-
tion of both current and previous outputs. DenseNet-201 consists of 32-blocks. Each
dense block consists of two standalone convolution layers with kernel sizes 1 x 1 and
3 x 3, respectively, and convolution layers preceded by batch normalization.

4.3 CNN as Feature Extractor

An overview of our study of histological images using deep features is shown in Fig. 4.1.
Our method is implemented using MATLAB® 2019a. The four pre-trained CNN archi-
tectures described in Section 4.2 are used as feature extractors. As such, the output of
the deepest layer (i.e., the layer just before the classification layer) of a pre-trained model
is flattened to obtain the feature vector of each histopathological image without any fine-
tuning. Thereafter, a standard classifier, namely SVM, is trained and tested to evaluate
the capability of such deep features to classify histopathological images.

4.3.1 Infinite Latent Feature Selection

As shown in Figure. 4.1, the number of features generated from the pre-trained CNN models
have high-dimensionality. High dimensionality with a limited number of histopathological
samples may lead to over-fitting [207]. Therefore, we propose to use Infinite Latent Feature
Selection (ILFS) [179] that was shown to be effective with deep features. As opposed to
other feature reduction methodologies, ILF'S does not generate a new feature space, it only
ranks feature importance.
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Infinite Latent Feature Selection (ILFS): Dimensionality reduction using ILFS
is based on probabilistic latent graph-based feature ranking. Sub-spaces of all attributes
are considered as paths on a graph. As such, sub-spaces of attributes (i.e., nodes) are
connected via paths in a graph. Furthermore, the importance of a feature is revealed
through a conditional probability, where the latent variable is the relevance of attributes.

In the next section, we describe the procedure of using the same deep models as weight
initializers for transfer learning.

4.4 Transfer Learning For Histopathological Images

Transfer learning can be categorized as transductive and inductive learning [183]. In the
case of transductive transfer learning, the training dataset in both source and target domain
are of similar nature. Most importantly, transductive transfer learning deals with the same
classification task in both the source and target datasets. On the other hand, inductive
transfer learning rather deals with different classification tasks in both the source and
domain datasets.

Wei et al. [226], and Sharma and Mehra [192] adopted pre-trained weights of a CNN
model. These weights are fine-tuned for the classification task of breast cancer, i.e., induc-
tive transfer learning. They showed that fine-tuning a model for a different classification
task helps in achieving better results than initializing the model with random weights, i.e.,
training from scratch. Similarly, we apply inductive transfer learning in our study. As
such, each of the CNN architectures described in section 4.2 are fine-tuned, but for differ-
ent classification tasks. Each of these models is adopted as provided in MATLAB® 2019a
with simple adjustments made such that the models can be re-trained for histopathological
image classification. However, we remove the head of the model, i.e., the specialized layers
prior to the classification layer, which instead is trained from scratch. We examine our DL
strategies on four publicly available datasets. One of them consists of eight labels while
the others are binary datasets. Therefore, our SoftMax classification layer must be trained
from scratch, which has either two or eight outputs.

4.4.1 CNN Fine-tuning

To retrain the CNN models, we choose stochastic gradient descent as an optimizer [115]
with a momentum value of 0.9. Following the success of previous studies [105], we also
choose a small learning rate of 0.0003. The intuition behind choosing such momentum
and learning rate is to make sure to reduce the oscillation and slowly updating the weights
adopted from the pre-trained models, respectively. Finally, the CNN models are retrained
for a maximum of 20 epochs with mini-batches of size 10.

In Section 4.6, we compare the performance of the SVM models based on the various
deep features computed from different CNN architectures with retraining the deep models.

51



Table 4.1: Summary of datasets used in Ch. 4.

DB #Classes #Samples Sample Size
Kather’s 8 5000 150 x 150
BreakHis 2 7909 700 x 460
Epistroma 2 1376 Variable
Warwick-QU 2 165 Variable

4.5 Experiments

4.5.1 Datasets

Deep features and fine-tuning techniques are examined on four histopathological datasets
of different complexity levels, as described in Section 2.2.1). As a reminder, we provide a
summary of these four datasets in Table 4.1.

4.5.2 Cross-validation (CV)

Cross-validation (CV) is a common technique to obtain more general results about classi-
fication models. In our study, we adopt 10-fold CV to split the following three datasets:
Kather’s (as Kather et al. [103]), Epistroma (as Ramalho et al. [175]), and Warwick-QU
(as Ribeiro et al. [177]). In 10-fold CV, 9-folds are utilized to train a model, and 1-fold
is utilized to test this model; hence, this is repeated 10 times and finally, the mean and
standard deviation is reported. On the other hand, the BreakHis dataset is divided into
7-folds CV as Jonnalagedda et al. [101].

4.6 Results and Analysis

We quantify the performance of our method on the four datasets (See Section. 4.5.1), we
use common metrics for classification: accuracy and AUC (area under receiver operating
characteristic curve). The summary of our results of using the full set of deep features to
train an SVM model is shown in Table. 4.2. We apply ILFS to rank features and use an
increment of 50 descriptors at a time to train an SVM model. We report the results with
sets of descriptors that result in an accuracy at least as high as the accuracy of using the
full set of features (see Table. 4.3). Table. 4.4 shows the results of fine-tuning all layers
of various CNN models. Table 4.5 and Table 4.6 shows the classification performance of
block-wise fine-tuning of both SqueezeNet-v1.1 and ResNet-18, respectively. We provide
a comparison with state-of-the-art techniques showing the robustness of our methods in
Section 4.6.3.
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Table 4.2: SVM classification performance utilizing deep features of various pre-trained

models.

Model Kather Epistroma Warwick BreakHis
Squeeze- | ACC% | 91.22% + | 97.17%+1.35% | 90.92%+7.17% | 92.53%+0.63%
Net 0.0117%

AUC | 0.9886+0.0022 | 0.9958+0.0045 | 0.9413+0.0741 | 0.9697 +0.0055
Mobile- | ACC% | 91.48%+1.18% | 97.96%+0.89% | 98.24%+2.84% | 90.19%+0.96%
Net AUC | 0.9875+0.0013 | 0.9976£0.0039 | 1 +0 0.9596 +0.0058
ResNet ACC%| 92.80%+0.75% | 98.55%+1.14% | 98.79%+2.56% | 94.61%+0.66%
AUC | 0.991240.0009 | 0.9968+0.0042 | 1 +0 0.984740.0039
Dense- | ACC%| 95.22% + | 99.20% + | 100% £+ 0% 97.90% +
Net 0.57% 0.87% 0.52%
AUC | 0.9957 + | 0.9984 +|1+0 0.9974 +
0.0006 0.0038 0.0014

4.6.1 Classification Results Using Kather’s dataset

First, we report results using the selected CNN models as unsupervised feature extractors
(see Section 4.3). Images must be reshaped to fit the input layer of the pre-trained CNN
model. After that, the feature vectors extracted from a CNN model are fed to an SVM
model. Although the pre-trained CNN models were trained on the ImageNet dataset,
we observe their capability of being effective on histopathological images. For instance,
DenseNet-201 classified the 8-class Kather dataset with a reduced set of descriptors (1000
instead of 1920 descriptors) with an accuracy of 95.40% (with corresponding AUC value =
0.9961). However, fine-tuning the simpler models results in about 3% point improvement
compared to using the same model as a feature extractor.

Next, we report our results for fine-tuning a CNN model for Kather’s dataset. We
adjust the input layer to fit the dimensions of the data (i.e.,150 x 150 pixels). By fully
fine-tuning DenseNet-201, we achieve an accuracy of 95.02% with an AUC value = 0.9976
(see Table 4.4). However, DenseNet-201 is our largest model and smaller models (e.g.,
SqueezeNet) may be preferable as they require significantly less computational power. We
found overall performance quite comparable with an accuracy of 94.18% (with AUC value
= 0.9964). Additionally, we select two models (i.e., SqueezeNet and ResNet) to examine
the appropriate level of blocks of a model to be fine-tuned. The fewer blocks need to be fine-
tuned, the lesser is the computational demands for training. As described in Section 4.4,
both of the selected models consist of 8-modules, unlike MobileNet and DenseNet which
consists of 16 and 32 modules, respectively. We observe that only the last 5 modules of
SqueezeNet are necessary to be retrained to achieve an accuracy of 93.24% (with AUC
value = 0.9948). Fine-tuning the shallower blocks does not change the accuracy of the
model by much. Similarly, we observe only the 4 deepest blocks of ResNet-18 need to be
fine-tuned to obtain an accuracy of 93.14% (with AUC value = 0.9948). Therefore, fine-
tuning the appropriate level of blocks will significantly accelerate the retraining process of
a CNN model while maintaining high accuracy. Being able to determine the appropriate
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Table 4.3: SVM classification performance utilizing top ranked deep features of various

pre-trained models.

Model Kather Epistroma Warwick BreakHis
(#Features) | (#Features) | (#Features) | (#Features)
Squeeze- | ACC% | 91.02% + | 97.67% + | 90.33% + | 92.54% +
Net 1.08%(650) 1.02%(300) 7.64%(550) 0.59%(900)
AUC | 0.9884 £ | 0.9952 + | 0.9343 £ | 0.9695 +
0.0023(650) | 0.0047(300) | 0.0727(550) | 0.0058(900)
Mobile- | ACC% | 91.30% + | 98.26% + | 98.82% + | 90.18% +
Net 1.08%(900) 1.14%(300) 2.48% (850) 0.91%(1100)
AUC | 0.9874 + 1 0.9977 + | 14+ 0(850) 0.9575 +
0.0013(900) | 0.0032(300) 0.0060(1100)
ResNet ACC%| 92.72% + | 98.55% + | 100% + | 94.30% +
1.01%(250) 1.14%(200) 0%(150) 0.57%(350)
AUC | 0.9910 + | 0.9977 + | 1£0(150) 0.9812 +
0.0013(250) | 0.0025(200) 0.0044(350)
Dense- | ACC%| 95.40% + | 99.06% + | 100% + | 97.96% +
Net 0.55%(1000) | 0.84%(250) | 0%(200) 0.57%(1300)
AUC | 0.9961 + | 0.9978 + | 1 +0(200) 0.9974 +
0.0006(1000) | 0.0042(250) 0.0014(1300)

level of blocks to fine-tune while using all images per class of Kather dataset, we again fine-
tune the appropriate level of blocks for both SqueezeNet and ResNet but this time varying
the number of images used for fine-tuning. We vary the number of images in increments
of 25 images per class until all 625 images per class are used as shown in Figure 4.2.
We achieve very low classification performance, i.e., the accuracy of 83.00% and 81.00%,
for SqueezeNet and ResNet, respectively when only 25 images are used. However, both
networks are trainable with less than all images and SqueezeNet achieves an accuracy of
93.41%, and ResNet achieves 93.14% utilizing 550 images per class. In this case study of
colorectal cancer histology, we need 550 images per class to achieve accuracy close to using
all images but even with much fewer images, reasonable accuracy can be obtained (see
Figure 4.2).

4.6.2 Classification Results Using Epistroma, Warwick-QU, and
BreakHis datasets

For further validations, we apply our approach on three additional varied datasets. We
report results on the BreakHis dataset considering all magnification factors as one dataset.
Similarly, we apply our approach to the Epistroma and Warwick-QU datasets.

We observe a similar behavior using DenseNet-based descriptors with the three addi-
tional datasets. They provide the best results when fed to an SVM model:

e Epistroma: Only 250 descriptors extracted from DenseNet are needed to achieve an
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IEEE 2020.

accuracy of 99.06% (with an AUC value = 0.9978). However, when all descriptors
of DenseNet (i.e. 1920) are used, we observe a slight enhancement of accuracy =
99.20% (with AUC value = 0.9984).

e Warwick-QU: On this dataset, ResNet-18 and DenseNet-201 both achieve perfect
accuracy/AUC. However, ResNet-18 has an edge over DenseNet since only 150 de-
scriptors compared to 250 descriptors are needed to train an SVM model for perfect
accuracy.

e BreakHis: Only 1300 out of 1920 DenseNet descriptors are needed to achieve an
accuracy of 97.96% (with corresponding AUC value = 0.9974).

In the case of fine-tuning, the input layer is replaced to fit the dataset dimensions.
BreakHis images have a uniform size of 700 x 460, unlike Epistroma and Warwick which
consist of variable size images; hence, the images are resized to 172 x 172 and 430 x 430
pixels, respectively.

Each of the additional three datasets being used in our study (i.e., BreakHis, Epistroma,
and Warwick-QU) are also utilized to retrain and test the four CNN models. We also
examine block-wise fine-tuning of SqueezeNet and ResNet on the three varied datasets as
shown in Table 4.5 and Table 4.6, respectively. Again, we observe the whole CNN model
does not need to be fully fine-tuned. However, the appropriate level of blocks to be fine-
tuned is dependent on the complexity and the number of samples of the histopathological
dataset. Although the datasets are limited in the number of samples, our strategy of
fine-tuning the CNN models provides very competitive results.

4.6.3 State-of-the-art Results

Many studies have proposed to identify the tissue types from the pattern revealed in the
hematoxylin and eosin (H & E) stained slides on the tumor samples. In this section, we
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Table 4.4: Classification performance utilizing pre-trained models as weight initialization,
CNNs are fully fine-tuned.

Model Kather Epistroma Warwick BreakHis
Squeez- | ACC% | 94.18%+1.49% | 98.11%+1.04% | 97.54%+4.34% | 96.54%+1.29%
eNet AUC ] 0.9964+0.0016 | 0.9955+0.0053 | 0.998440.0050 | 0.9947+0.0024
Mobile- | ACC% | 93.78%+1.40% | 98.40% + | 97.54%+4.34% | 96.16%+1.00%
Net 0.75%
AUC ] 0.9958+0.0019 | 0.9973 +[1+0 0.9934+0.0028
0.0032
ResNet ACC%| 94.14%+0.81% | 98.18%+0.85% | 98.20% + | 97.57% +
2.90% 0.41%
AUC ] 0.9962+0.0017 | 0.9948+0.0059 | 1 £ 0 0.9973 +
0.0006
Dense- | ACC%| 95.02% 4 | 98.40%40.67% | 96.95%+3.22% | 97.40%+0.74%
Net 1.16%
AUC | 0.9976 4 | 0.9956+0.0036 | 0.9986+0.0044 | 0.99734+0.0016
0.0011

report the state-of-the-art results. Our techniques on the four datasets achieve the highest
classification performance either using deep features or fine-tuning a CNN model.

When using Kather’s dataset, Kather et al. [103] proposed using a fusion of texture-
based features with a reported accuracy of 87.4% (with AUC value = 0.976). On the other
hand, the state-of-the-art result of classifying Kather’s dataset is 93.4% which is achieved
by Bianconi et al. [22]. They use a modified version of the local binary pattern (LBP)
that consists of inter and intra descriptors with the fusion of local color contrast. Wang
et al. [222] proposed to train a bilinear-CNN using 5-fold cross-validation, achieving an
accuracy of 92.6% (with AUC = 0.985, sensitivity of 92.8%, and specificity of 98.9%).
However, Cascianelli et al. [32], studied different deep features and achieved an accuracy
of 84.8% using fast VGG model descriptors reduced using PCA.

For classification in the Epistroma dataset, Nava et al. [151], Ramalho et al. [175], and
Linder et al. [126] proposed statistical and texture-based techniques. However, Bianconi
et al. [22] reported the highest accuracy of 97.3% classifying the Epistroma dataset while
training and testing a parameter-free nearest neighbor classifier. However, Bianconi et al.

do not report AUC.

When using the Warwick-QU dataset, Ribeiro et al. [177] report the highest AUC value
of 0.994 while using fractal and Haralick descriptors which are extracted both from spatial
domain images and curvelet coefficients. These descriptors are fed to a polynomial (PL)
classifier, trained, and tested using 10-fold cross-validation.

When using the BreakHis dataset, we compare to approaches that are training and test-
ing a model using the different magnifications of BreakHis as one dataset. State-of-the-art
results with an accuracy of 92.60% (with AUC value = 0.9565) are reported by Sharma and
Mehra [192] using a fine-tuned pre-trained VGG16 model for feature extraction. Sharma
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Table 4.5: Block-wise fine-tuning of pre-trained SqueezeNet for histopathological image

classification.

Fine-tuned Block | Kather Epistroma Warwick BreakHis
Fire9 and| ACC% | 90.22% + [ 97.67% =+ | 96.36% =+ | 93.45% +
After 1.95% 1.27% 3.14% 0.79%

AUC | 0.991440.0024 | 0.995040.0060 | 0.995440.0105 | 0.983540.0037
Fire8 and| ACC% | 91.48% + | 97.60% + | 96.95% + | 94.61% +
After 1.00% 1.81% 3.22% 0.82%

AUC | 0.9927+0.0020 | 0.995740.0052 | 0.9984+0.0050 | 0.9873+0.0034
Fire7 and| ACC% | 92.18% + | 98.40% + | 97.57% + | 95.42% +
After 1.42% 1.17% 3.13% 1.17%

AUC | 0.9938£0.0019 | 0.99604+0.0046 | 0.9984 + | 0.989940.0030

0.0050

Fire6 and| ACC% | 92.62% + | 98.11% + | 96.32% + | 96.20% +
After 1.44% 1.19% 4.33% 0.50%

AUC | 0.993740.0029 | 0.996140.0047 | 0.998440.0050 | 0.991940.0014
Fire5 and| ACC% | 93.24% + | 98.18% + [ 96.95% + | 96.34% +
After 1.00% 1.09% 4.36% 0.82%

AUC | 0.9948 + | 0.996140.0049 | 0.998440.0050 | 0.9933 +

0.0015 0.0017

Fire4 and| ACC% | 93.04% + | 98.26% + | 98.20% + | 96.40% +
After 1.09% 0.85% 2.90% 0.83%

AUC | 0.99534+0.0016 | 0.9957+0.0053 | 0.9968+0.0100 | 0.9931+0.0032
Fire3 and| ACC% | 93.30% + | 98.18% + | 98.79% + 1 96.82% +
After 1.17% 1.24% 2.56% 1.03%

AUC | 0.99514+0.0018 | 0.995940.0050 | 0.9952+0.0151 | 0.9948+0.0015

and Mehra, down-sampled the majority class (i.e, malignant) to equal the minority class
(i.e., benign), where the balanced dataset is split into 90% for training and 10% for testing
a Logistic regression (LR) classifier.

Finally, it is worth noting that we have not applied any type of data augmentation to in-
crease the number of histological images. Data augmentation is typically used to overcome
the problem of over-fitting and scarce datasets [191]. Nevertheless, data augmentation may
not be ideal since many samples will be similar to each other, and performance on new data
is unclear. Furthermore, classification results could be substantially worse when a CNN
model is trained from scratch [226]. Therefore, we opted for adopting pre-trained models.
We use a very small learning rate to slowly adjust the weights for the task we are tackling,
yet bearing in mind the delivery of a re-trained model that achieves high accuracy on the
testing dataset.
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Table 4.6: Block-wise fine-tuning of pre-trained ResNet-18 for histopathological image

classification.

Fine-tuned Block | Kather Epistroma Warwick BreakHis
Resbb and ACC% | 91.20% + | 97.75% + | 100% + 0% 95.19% +
After 1.50% 1.06% 0.67%

AUC | 0.9936+0.0013 | 0.9953+0.0042 | 1+ 0 0.9915+0.0022
Resba and ACC% | 92.16% + | 98.25% + | 97.57% + | 96.55% +
After 1.17% 1.34% 3.13% 0.83%

AUC | 0.9950£0.0015 | 0.9960+0.0043 | 1 +0 0.9954+0.0012
Res4b and ACC% | 92.94% + | 98.55% + | 97.57% + | 97.03% +
After 1.27% 0.91% 4.19% 1.07%

AUC | 0.9954+0.0011 | 0.99624+0.0046 | 1 +0 0.9961+£0.0015
Res4a and ACC% | 93.14% + | 98.84% + | 99.38% + | 96.83% +
After 1.39% 0.78% 1.98% 1.56%

AUC | 0.9959 + | 0.9962 + | 1+0 0.9965+0.0014

0.0011 0.0049

Res3b and ACC% | 93.00% =+ | 98.69% + [ 97.57% + | 97.56% +
After 1.24% 1.01% 3.13% 0.76%

AUC | 0.9960£0.0015 | 0.9964+0.0045 | 1 +0 0.9973 +

0.0014

Res3a and ACC% | 93.36% + | 98.76% + 19522+ 7.25% | 96.77% +
After 1.18% 0.97% 1.85%

AUC | 0.9958+0.0008 | 0.9961+0.0054 | 0.9984+0.0050 | 0.9970+0.0014
Res2b and ACC% | 93.42% + | 98.55% + | 96.43% + 1 96.37% +
After 1.17% 1.28% 7.45% 2.98%

AUC | 0.99564+0.0017 | 0.9962+0.0054 | 0.9984+0.0050 | 0.9955+0.0035

4.7 Summary

In this chapter, we have studied the applicability of CNN models to small size histopatho-
logical datasets. We conclude our deep learning approach is, in fact, capable of handling
the levels of complexity presented in the histopathological tissues despite the small dataset
sizes. As such, the deep learning strategies can classify those small datasets with classifi-
cation performance that compares favorably to methods in the literature using the same
dataset. Using a DL model as an unsupervised feature extractor is a desirable strategy as
minimal effort is needed to examine the effectiveness of a classifier. Furthermore, inductive
transfer learning provides robust performance to classify histopathological images. It is
worth noting that shallower DL models, e.g., SqueezeNet, benefit more from fine-tuning.
SqueezeNet and ResNet are studied for the appropriate level of fine-tuning. Comparable
results to fine-tuning all layers are obtained by fine-tuning only a few layers.
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Chapter 5

Classification of Alzheimer’s Disease
based on MRI Data

5.1 Overview

Conventional and deep learning techniques are proposed for AD diagnosis [211, 56]. In
Chapters 3 and 4, we have proposed novel techniques to differentiate various tissue types.
Our techniques based on hand-crafted features are capable of handling small size histopatho-
logical datasets that present different levels of complexity. Furthermore, we have developed
deep learning strategies to classify those small datasets with surpassing classification per-
formance in comparison to those available in the literature. In this chapter, we investigate
whether our previous techniques can be extended to challenging data classification in the
field of radiology, namely magnetic resonance imaging (MRI).

However, magnetic resonance imaging presents an additional challenge, namely the
curse-of-dimensionality. An MRI sample of a patient brain consists of a large number of
slices. As a result, the construction of a feature vector of a patient sample will contain a
large number of descriptors if the same techniques as for histopathological images are used.
When the number of descriptors is very high and the number of samples is very low, we are
faced with the challenge of over-fitting. Moreover, MRI slices exhibit different variability
patterns. Such MRI samples are limited in resolution and contrast [13]. Further, it is
challenging with MRI data to localize the exact neuroanatomical structures and recognize
histological characteristics, e.g., cellular and tissue properties [13]. Therefore, with the
absence of such important attributes, MRI datasets can be difficult to classify.

When we applied our shearlet-based techniques from Chapter 3 directly to MRI data,
the classification results for AD were not promising. One possible reason is that Alzheimer’s
data contains a large number of slices, but some slices might contain irrelevant content. As
a result, when computing statistical information from each slice of an MRI, a large number
of descriptors will be generated, including some of which contain irrelevant attributes.
Furthermore, with a low number of training samples, it can lead to over-fitting and a less
effective classification model [147]. Therefore, the goal of this study to refine our shearlet-
based techniques for the classification of Alzheimer’s disease patients. To achieve this goal,
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we utilize two data repositories: the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
database, and the Open Access Series of Imaging Studies (OASIS).

There is no universal approach to classify all types of medical images. We are able
to adjust, both, hand-crafted and deep learning strategies for the application to medical
images that are fundamentally different than those explored in Chapter 3 and 4. In par-
ticular, we will report the classification of MRI samples for AD after the following changes
are incorporated:

e We adjust our shearlet-based descriptors from Chapter 3. We instead use the 3D
shearlet transform since we are dealing with volumetric data in this chapter, namely
MRI data (See Section 5.2.1). To overcome the high-dimensionality in the 3D shearlet
domain, all directionalities of a slice are averaged. Finally, a particular texture-based
method, i.e., CM, LBP, LOSIB, or SFTA, is used to extract descriptors from each
averaged coefficient for each slice. We concatenate all descriptors from all slices to
represent an MRI sample.

e Our starting point in the context of deep learning is a CNN which is pre-trained
on non-medical images in ImageNet. This pre-trained network is used for weight
initialization for the high-dimensional MRI sample, i.e., each sample consists of a
large number of slices. Unlike most studies in the literature, we do not train our
model from scratch. In addition, many studies in the literature utilize each 2D
slice as an independent example. As such, if these slices are randomly split, then
some slices of the same patients can appear in the testing and training split. As
a result, this will cause information leak and over-fitting leading to the report of
over-optimistic results on the testing data [233].

Instead, we adopt a 2D stacked MRI slices approach to be able to fine-tune a CNN
model. Therefore, a CNN model needs to be adjusted, particularly, a new input layer
to fit the MRI data dimensions. As an advantage of using a 2D convolutional neural
network, we can use existing pre-trained weights as weight initializers for re-training
a model. Also, 3D CNN models are computationally expensive and generating signif-
icantly more intermediate outcomes during the execution of a volumetric input [131],
e.g., video or MRI data, which substantial computational resources are required as
opposed to using a 2D CNN model. Nevertheless, a 2D CNN model lacks learning
feature maps equally within all three dimensions.

We carry out the following experiments for Alzheimer’s disease classification from
MRI data: Four state of the art deep learning models are fine-tuned: SqueezeNet-
v1.1 [93], MobileNet-v2 [186], Inception-v3 [209], and Xception [38]. Then, these fine-
tuned models are leveraged for deep feature extraction, as described in Section 5.2.2.
It has been shown that using an SVM model can lead to significant improvement
in the classification results [213, |. Therefore, instead of using the classification
layer of a deep learning model, we use two other classifiers: Support Vector Machine
(SVM) [79] and Decision Tree Bagger (DTB) [20]. Finally, our major contribution in
this work is a robust classification model by combining both shearlet-based descrip-
tors and deep features.
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Figure 5.1: Our proposed system for integrating the 3D shearlet-based textural descriptors
with deep features for the ADNI and OASIS MRI classification.

5.2 Proposed System and Components Configurations

Our proposed framework is presented in Figure 5.1. The major contribution of our work
is to fuse shearlet-based descriptors with deep features. As illustrated in the figure, the
proposed system consists of two pipelines. In the first pipeline of our work, an MRI sample
is first pre-processed and then transformed using the 3D shearlet, and after that, the
coefficients of the shearlet transform are summarized using four different texture methods:
CM, LBP, LOSIB, or SFTA. Each set of descriptors are used to train either an SVM or
DTB classifier, individually and jointly. The principal procedure of each summarization
method differs in generating a meaningful set of descriptors for an MRI sample, and that
can influence the performance of the classifier. In the case of the ADNI dataset, SF'TA
descriptors led to the highest classification performance. However, co-occurrence matrix
textural features led to the highest classification performance for the OASIS dataset.

In the second pipeline, a variable number of CNN models are fine-tuned based on the
MRI samples, and then those fine-tuned models are used as feature extractors. A previous
work by Rajinikanth et al. [173] demonstrated that using an SVM classifier rather than a
SoftMax layer can boost the classification performance. Therefore, in our study, instead of
using SoftMax, each set of deep features is fed to another classifier either SVM or DTB. Our
descriptors are used individually and jointly to train a classical ML classifier. However,
we observe that MobileNet deep features that are extracted from both the ADNI and
OASIS datasets achieved the highest classification performance, as we empirically show in
Section 5.4.

Finally, we investigate to concatenate our proposed descriptors in two different ways:
1) shearlet-based and deep features are fed to a classical classifier, or 2) the combined
shearlet-based descriptors and deep features are fed to our custom CNN model. Each
component of our system is described next.

5.2.1 Shearlet-based Descriptors for AD Classification

The 3D shearlet transform [115, 116] is an extension of the 2D shearlet transform that has
been discussed in Chapter 3. Hence, shearlet coefficients are also obtained using parabolic
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scaling, shearing, and translation forming an affine system as in the 2D domain. Similar to
the 2D domain, a ‘cone-adapted variant’ in the 3D domain is used. This variant is called
pyramid-adapted shearlet systems. Such systems treat directions in a uniform scheme as
in the cone-adapted in 2D shearlet transform. These pyramid-adapted discrete shearlet
systems can be generated by the aforementioned affine system, in the following manner:

1. First, the systems are generated as stated by paraboloidal scaling matrices, where

J € Z:
2 0 0 B 2/2.0 0 2/2.0 0
Agj= 1| 0 202 0 |, A= 0 2 0 |,Ay=1| 0 2/ 0
0 0 22 0 0 20/? 0 0 2

2. The directionality is captured by the shear matrices, where k = (ki, ko) € Z?

1ok ke \ 100\ _ 1 0 0
Bk: 0 1 0 ,Bk: 0 1 O ,Bk: k‘l 1 k’z
0 0 1 kv Ry 1 0 0 1

3. The translation lattices are obtained using the following matrices:
T, = diag(t1,ta, t2), Ty = diag(ts, t1,t2), and Ty = diag(ta, t2,t1), where ¢y, 5> 0.

Comparable to the cone-adapted 2D shearlet transform, the 3D shearlet transform parti-
tions the Fourier domain into a rectangular central area and six pyramids. Such partitioning
in the frequency domain will generate well-localized directional filter banks that tile the
complete frequency space. Therefore, those well-localized waveforms raise the ability of
the 3D shearlet to handle the complex geometric discontinuities and potentially leading to
generate enhanced descriptors for MRI data classification. For a further description of the
shearlet transform, readers are referred to [115, 116].

3D Shearlet Application to MRI Data

We use Shearlab [115] in our application of 3D shearlets. An MRI sample of size h x w X ¢
is decomposed with S scales and K orientations per scale. The dimension of the three-
dimensional filters is h X w X z, which is used for convolution with the input MRI sample.
This setting generates a structure of size h X w X ¢ X z, where h, w, ¢, and z denote the
height, width, number of slices, and number of filters, respectively.

Having the magnitude coefficients of each slice with various orientations, we obtain the
average presence of all shearlets; hence, the " slice is represented only by one averaged
shearlet sub-band (i.e., h x w x i x 1). Such an aggressive reduction of shearlet coefficients
is necessary; otherwise, one ends up with a very large number of descriptors per slice while
computing textural features from every directional sub-band. Concatenating all descriptors
of all slices to form the feature vector of an MRI sample will lead to a very large number
of descriptors. With a very large number of descriptors and a low number of training
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Figure 5.2: Descriptors extracted from one sample of the OASIS dataset. The descriptors
are extracted again after the sample is rotated by 90°.

samples, the classification performance will suffer from over-fitting; hence, it will lead to
low classification results on the testing samples.

Therefore, we can obtain the attribute representation of the averaged shearlets for the

" slice as one vector d; = (d*,d?, ..., d?), where j represents the length of the vector. The

final feature vector F' for an MRI sample can be denoted as F' = (dy,ds, ..., d,,), where m
represents the number of slices of an MRI sample.

Texture-Based Descriptors in the 3D Shearlet Domain

Thereafter, a texture-based technique, i.e., CM, LBP, LOSIB, or SFTA, is applied to those
averaged shearlet sub-bands that represent one MRI slice. The details of those methods
are provided in Chapter 3. However, all descriptors of all slices for each method are then
concatenated to form the feature vector of an MRI sample.

In the previous section, we described the process of reducing the shearlet sub-bands
to only one averaged sub-band for each MRI slice. Obviously, a limitation of such an
approach is that the directionality information is lost. To further investigate the rotation
invariance of each texture-based method, one sample from the OASIS dataset is used to
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form the feature vector for each method. Then, the same sample is rotated by 90°and used
to obtain the descriptors in the averaged shearlet domain. In Figure 5.2, we observe that
CM, LBP, and SFTA descriptors are rotationally invariant, but the LOSIB descriptors are
not rotationally invariant. From Chapter 3, we know that the CM descriptors and LBP
are rotationally invariant. Particularly, we obtain the mean of CM from four orientations
as Kather et al. [103], which makes the descriptors invariant with respect to rotation.

Several fusion approaches have been proposed, and have shown varying levels of success
in medical image classification |7, ]. Since the underlying concept of each texture-
based method is different with some methods capturing local but other global statistics,
it is interesting to fuse feature vectors of different methods to observe any advantages in
building a classification model. Therefore, we explore the following feature fusion:

e Fusion #1: (CM + LBP + LOSIB + SFTA) descriptors. This fusion is the same
that was carried out in Chapter 3, but without phase coefficients.

e Fusion #2: (CM + SFTA) descriptors. This fusion was selected based on the high
classification results obtained by these methods individually.

The setting of those texture-based techniques can be adjusted. Each texture-based
method has a various number of hyper-parameters. Various parameters are tested for each
texture-based technique to build a classification model. Then, based on the best performing
model we select the hyper-parameter that maximizes the performance on the validation
split of the dataset. Refer to Section 3.4 for more details. Therefore, it is not necessary
that the parameters used for one MRI dataset are the same for another.

In this chapter, we utilize two different datasets (i.e., ADNI and OASIS). Prior to
transforming the ADNI dataset, we pre-process each MRI sample using CAT12 [68]. The
following pre-processing techniques are applied: skull-stripping, image normalization, and
cropping (as shown in Figure 5.4). However, when the OASIS dataset is used, we only apply
cropping. Then, each pre-processed MRI sample is transformed using the 3D shearlet.
However, the results reported in this chapter for the two datasets are based on the following
hyper-parameters:

e ADNI: for CM: we use a displacement of 1. For LBP: we use a radius (R) of 2 and
a neighborhood (P) of 16. For LOSIB: we use a radius (R) of 5 and a neighborhood
(P) of 16. For SFTA: we use a threshold of 1.

e OASIS dataset: for CM: we use a displacement of 2. For LBP: we use (R, P) =
(3, 16). For LOSIB: we use a (R, P) = (3, 16). For SFTA: we use a threshold of 4.

5.2.2 Fine-tuning Pre-trained CNN Models for AD Classification

In this study, we examine pre-trained models on non-medical images, i.e., ImageNet [1(].
Four pre-trained CNN architectures are fine-tuned for AD diagnosis as described in this
section. Then, those pre-trained CNN models are leveraged for their capability as feature
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extractors. After that, we explore the combination of deep features in an attempt to
increase the classification performance while using SVM or DTB. It is worth noting that,
unlike the shearlet-based approach, the MRI volumes are NOT pre-processed for skull-
stripping, image normalization, or cropping. The CNN model rather is given full control
to learn such pre-processing steps.

Fine-tuning a Pre-trained Model

Sharma and Mehra [192] demonstrated that fine-tuning a pre-trained model coupled with
logistic regression as a classifier in the task of breast cancer histology image classification led
to good classification performance. In this study, we propose to use four pre-trained CNN
models that can handle the complexity of MRI datasets: SqueezeNet-v1.1 [93], MobileNet-
v2 [186], Inception-v3 [209], and Xception [38]. Shallu et al. fine-tuned a pre-trained model
using histology images that have the same number of channels as the input layer of the
pre-trained model. In our case, the MRI sample consists of a different channel number
as we stack the slices in depth. Consequently, each adopted CNN model will need to be
adjusted in the following manner:

e The input layer needs to be changed to fit the dimensions of an MRI sample, i.e.,
h x w X ¢, where the number of channels of an MRI sample is ¢ > 3. Since the
input layer is pre-trained on RGB images, then the convolution layer which follows
the input layer has a pre-trained weights matrix with a channel size = 3. Therefore,
this convolution layer must be replaced to fit the channel size of the new input layer
and trained from scratch.

e The specialized layers prior to the classification layer, typically convolution and pool-
ing layers or dense layers, are replaced and trained from scratch using new filter sizes
to fit the size of the preceding feature maps. Finally, given the dataset we are tackling
is a binary problem, our classification layer which is also trained from scratch must
have an output size of two.

It is worth noting that rest of pre-trained weights of a CNN model are kept and used as
weight initializers. As such, they are fine-tuned as described in the following section.

CNN as Feature Extractor

A pre-trained deep model can be used to extract a feature vector per MRI slice, and then
concatenating all feature vectors of all slices can form a single feature vector representing
an MRI sample. Such a process will generate a very large number of descriptors per MRI
sample. However, we incorporate necessary changes to a pre-trained DL model for MRI
classification, as described in the previous section. We make use of state-of-the-art deep
networks to learn the deep features of a stacked MRI sample simultaneously. A brief
description of each model used in our study and the targeted feature maps as follows:
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e SqueezeNet-v1.1 consists of eight modules, namely Fire2 - Fire9. Each module
has two expand layers, one of a kernel size of 1 x 1 and the second one of size 3 x 3.
Both expansions feed into a depth concatenation layer, generating feature maps of
size H x W x C for each module. In this model, we select module ‘Fire9’. We take
the mean of each feature map generating a feature vector of size 1 x 1 x C, which is
finally flattened to form the feature vector of an MRI sample.

e MobileNet-v2 has 16 blocks of two types: the first type consists of linear bottleneck
operation, and a skip connection. Both blocks contain the following operations:
convolution, batch normalization, and modified rectified linear unit (ReLU). The
ReLU is modified to limit the maximum output with min(max(z,0),6). In this
model, we use the output of the average pooling (Avg Pool) layer, the deepest layer,
just prior to the classification layer.

e Inception-v3 is a model that typically consists of a module that maps input data
into 3 or 4 different branches where each branch looks at the cross-channel correlations
with a set of convolutions that has a size of 1 x 1. Further processing these feature
maps via another set of convolutions with filters of 3 x 3 or 5 x 5. Then, all of these
feature maps are concatenated. In this model, we use the output of the Avg Pool
layer which is the deepest layer just before the classification layer.

e Xception is a model that is completely based on depthwise separable convolution
layers. This model consists of 36 convolutional layers which are formulated into
14 blocks. Only the first and last blocks do not have residual connections around
them, but the rest have a linear residual connection around them. Similar to the
Inception-v3, we explore the Avg Pool layer in this model.

Thereafter, a standard classifier, namely SVM and DTB, is trained in the context of nested
cross-validation (see Section 5.3.2).

Deep Features Fusion

Each CNN architecture is modeled differently to capture and process the input data
through a sequence of operations that learns a function of the feature maps that are
coming from previous layers. Furthermore, some models apply skip connections differently
(e.g., Inception-v3 applies depth concatenation, but Xception applies element-wise addi-
tion) processing feature maps of the current module with the previous one. Other studies
demonstrated success in combining deep features for medical image classification [171, 228].
Therefore, we explore the following feature fusion of various deep features that are obtained
under different supervised DL models:

e DF Fusion #1: (SqueezeNet(Fire9) + MobileNet (Avg Pool) + Xception(Avg Pool)
+ Inception(Avg Pool)) descriptors.

e DF Fusion #2: MobileNet (Avg Pool) + Xception(Avg Pool) + Inception(Avg Pool))
descriptors.
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Figure 5.3: Our custom CNN model which is used to transform the combined shearlet-
based descriptors with deep features.
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5.2.3 Custom CNN

Although in the 3D shearlet transform we do not make full use of the multiple scales and
directionalities, we still use averaged shearlets as a reduced form of the coefficients. This
reduced averaged shearlet sub-band is used to obtain low-level image structures, e.g., uti-
lizing SFTA, from which local and global statistics are computed. Alternatively, one can
obtain high-level semantic deep features that are computed from different CNN models.
Then, we investigate whether combining shearlet-based descriptors and deep features en-
hances the classification model, and fusing such attributes provides a more discriminative
and effective classifier.

Therefore, our main idea explored in this chapter is to concatenate feature vectors from
shearlet-based descriptors and deep features. A typical and simple approach of feature
fusion is to concatenate both shearlet descriptors and deep features before feeding the new
combined feature vector to a classifier. We will compare our method with this simple

approach.

We propose to integrate the shearlet descriptors and deep features by transforming
such features using a custom CNN model as shown in Figure 5.3. The building block of
our custom CNN model consists of the following operations: convolution (Conv), batch
normalization, Rectified Linear Unit (ReLU), and then max pooling. For the convolution
layers, we use filter size of 7 for each convolution layer, but the number of filters is 8, 16,
32, and 64, respectively. The convolution layer is similar to a feature extraction step in
the traditional pipeline, but the parameters of this layer can be learned with an optimizer.
However, the filter size for the max-pooling layers is 1 with a stride of 2. A pooling layer
is an important element of our CNN model for feature reduction and speeding-up the
training process. Furthermore, to avoid over-fitting a dataset while training our model, we
use batch normalization. Our building block is repeated four times and then followed by
three fully connected layers that consist of 120 neurons and then one fully connected layer
of 2 neurons corresponding to our binary classification problem. It is worth noting that
our model is derived empirically, such that our custom CNN model can generalize on the
validation data for the ADNI and OASIS datasets we use in our study.

We make use of our custom CNN model to fuse our hand-crafted descriptors and deep
features. Previously, we examined the combination of features exclusively within the same
domain, i.e., either hand-crafted descriptors together, or deep features together. In this sec-
tion, we propose to combine both handcrafted and deep features altogether. The following
fusions are compared:
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Figure 5.4: Examples of MRI slices before (top) and after (bottom) processing. Left to
right: CN, sMCI, AD, and pMCI, respectively.

e All of our extracted hand-crafted descriptors are aggregated as one data matrix (i.e.,
X) then aggregated with our all deep features (i.e., Y'). This fusion is general to all
MRI brain scans.

e Alternatively, one selected set of hand-crafted descriptors with one selected set of
deep features (i.e., each set is selected based on its performance while being used
individually). This fusion is specific to an MRI brain scans dataset.

5.3 Experiments

5.3.1 Datasets
Alzheimer’s Disease Neuroimaging Initiative (ADNI) Data

We use the same data samples as Salvatore et al. [185]. The data is archived and can
be accessed from Alzheimer’s Disease Neuroimaging Initiative (ADNI) data archive*. The
dataset consists of 200 patients. The distribution of samples in this dataset is as follows: 50
patients with a stable diagnosis of cognitively normal (CN) during the 24 months follow-up.
50 patients with a stable diagnosis of mild cognitive impairment (sMCI), 50 patients with
a stable diagnosis of Alzheimer’s disease (AD), and 50 patients with a MCI diagnosis that
may progress to AD (pMCI). All patients had three serial MRI examinations at multiple
points after the baseline: after 6, 12, and 24 months. However, since our target is to
examine the capability of our technique to distinguish between Alzheimer’s patients from
non-Alzheimer’s patients using MRI data, our focus in this study is on the baseline MRI
scans of the patients.

*The ADNI data archive can be accessed via adni.loni.usc.edu.
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Figure 5.5: Examples of the OASIS MRI slices. CN on the left and AD on the right.

The structural MRI dataset is constructed at 1.5T using a T1-weighted sequence as
maintained by the ADNI standard acquisition protocol [96]. All MRI images are pre-
processed for a 3D-gradwarp geometry correction for gradient non-linearity, and a Bl
intensity correction for non-uniformity. Examples of this dataset are shown in Figure 5.4.

We carry out the following classification task while using the ADNI dataset as Salvatore
et al.: (CN + sMCI) vs. (pMCI + AD)'.

Further, to evaluate the generalization of our proposed method, we retrieve a separate
set of MRI data from the ADNI data repository. As such, 10 MRI volumes per category
are retrieved (i.e., CN, sMCI, AD, and pMC), but these MRI volumes are of different
time-points (i.e., not necessarily of baseline scans). Such a dataset of new subjects is not
seen during the training process from start to end which will be used to test our proposed
method at the very end.

To be able to use the ADNI data, we had to obtain approval for secondary use of this
data from the Research Ethics Boards (REB) at the University of Ottawa. The Ethics file
number is H-11-20-6270.

The Open Access Series of Imaging Studies (OASIS) Data

To further examine our proposed techniques, we retrieve another set of cross-sectional MRI
data from the OASIS data repository* for AD classification [137]. Examples of AD and
CN slices are shown in Figure 5.5. In this experiment, we retrieve 100 samples of each CN
and AD patients. We retrieve the same 200 subjects® that are used by Hon and Khan [35].
However, 10 examples out of each of the 100 samples from each category (i.e., CN and AD)
are kept hidden from start to end. Then, these hidden examples are used at the very end
to examine the generalization of our proposed method. Hence, we use only 90 examples of
each category to train and validate our proposed techniques.

The OASIS data repository provides MRI scans as individual slices for a patient. How-
ever, we instead deal with the data as a volume for each patient’s slices by converting them
into the neuroimaging informatics technology initiative (NIfTT) format. Again, we apply
a binary classification while using this data: CN vs. AD.

fMore information about the dataset and patients IDs can be accessed at (https://github.com/
christiansalvatore/Salvatore-200Longitudinal).

iThe OASIS data repository can be accessed via http://www.oasisbrains.org.

$More information about the patients can be found at: https://github.com/marciahon29/Ryerson_
MRP.
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5.3.2 Nested Cross-validation (CV)

In this study, we utilize 5-fold nested cross-validation for hyper-parameter optimization.
While using a 5-fold nested CV, the data is split into 5 subsets of equal sizes. Therefore,
4 out of 5 subsets are used for training and validation for hyper-parameter optimization in
an inner loop. Then, the last subset is used for testing the performance of a classifier in
an outer loop.

For each optimization round, the set of hyper-parameters are tuned to maximize the
geometric mean of the classifier in the inner loop. For each optimization round, the clas-
sification performance is estimated in the outer loop in terms of accuracy, sensitivity,
specificity, and geometric mean.

The number of samples that are used in our nested CV is as follows:

e Given that the number of MRI volumes from the ADNI data is 200, i.e., 100 CN +
sMCI, and 100 pMCI + AD, for each round of the nested CV, the number of MRI
samples that are used to train a classifier is 128; the number of samples that are used
in the inner loop for optimization is 32; the number of MRI samples that are used to
test the performance in the outer loop is 40.

e Given that the number of MRI volumes from the OASIS data is 180, i.e., 90 CN and
90 AD, for each round of the nested CV, the number of MRI samples that are used
to train a classifier is 115; the number of samples that are used in the inner loop for
optimization is 29 but, except for one round, a classifier is trained with 116 samples
and validated with 28 samples. However, the number of samples that are used to
test the performance in the outer loop is 36.

We use 5-fold nested cross-validation, i.e., the above procedure is repeated 5-times, and
then across the 5 rounds, the average of common classification performance in the outer
loop is reported. We use the following metrics:

e Accuracy (ACC) is the ratio of correctly classified over total number of samples, or
ACC =(TP+TN)/(TP+TN + FP+ FN)

e Sensitivity (Sen) is the ratio of true positives over actual positives, or Sen = T'P/(T P+
FN)

e Specificity (SP) is the ratio of true negatives over actual negatives, or SP = TN/(T' N+
FP)

e Geometric Mean GM = /Sen x SP

In the following Section 5.4, we first discuss results classifying the Alzheimer’s disease
while using shearlet-based descriptors individually and jointly, and report results while
using two classical classifiers (i.e., SVM and DTB). Similarly, we report the performance
of the SVM and DTB classifier when being trained based on the various deep features
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Table 5.1: ADNI classification performance using shearlet-based descriptors for (CN +
sMCI) vs. (pMCI + AD).

Best performance is highlighted.

Method \ ACC Sen SP GM
(a): Shearlet-based methods for AD Classification
M SVM | 0.680040.0542 | 0.6700£0.1037 | 0.6900+0.0418 | 0.6778+0.0570
DTB | 0.6850+0.0335 | 0.7100+0.0742 | 0.6600+0.0418 | 0.6831+0.0332
LBP SVM | 0.670040.0570 | 0.7000+£0.0791 | 0.6400£0.0822 | 0.667440.0571
DTB | 0.6300£0.0671 | 0.6300£0.0758 | 0.6300£0.0908 | 0.6284+0.0678
LOSIB SVM | 0.645040.0326 | 0.6700+0.0447 | 0.6200£0.0570 | 0.6436+0.0324
DTB | 0.6400£0.0379 | 0.6400£0.0652 | 0.6400£0.0652 | 0.6382+0.0389
SFTA SVM | 0.7050 + | 0.7300 £ | 0.6800£0.0570 | 0.700940.0458
0.0447 0.1151
DTB | 0.6750£0.0433 | 0.6300£0.0837 | 0.7200 + | 0.6718+0.0460
0.0447
(b): Combining shearlet-based techniques
Fusion 41 SVM | 0.675040.0500 | 0.6800£0.0671 | 0.6700+0.0837 | 0.6730+0.0510
DTB | 0.7050 + | 0.7200£0.0671 | 0.6900+0.0652 | 0.7040 +
0.0542 0.0541
Fusion 2 SVM | 0.675040.0354 | 0.6700£0.0758 | 0.6800+0.0274 | 0.6738+0.0356
DTB | 0.705040.0597 | 0.7100£0.1025 | 0.7000£0.0500 | 0.70334+0.0599

computed from different fine-tuned CNN architectures. Our classical ML classifiers are
trained and validated in the context of nested cross-validation.

However, given the fact that training a deep learning model is time-consuming, our
custom CNN models are trained from scratch while using 80% for training and 20% for
validation. Then, the best performing model based on the validation split is tested on the
unseen data that is hidden from start to end while fusing shearlet-based descriptors with
deep features.

5.4 Results and Analysis

5.4.1 Classification Results Using Shearlet-Based Descriptors

First, we report results while using shearlet-based techniques for feature extraction (see
Section 5.2.1). The performance of two classifiers, i.e., SVM and DTB, are reported in
Tables 5.1, and 5.2 for the ADNI and OASIS datasets that are used in our study. In
our study, 5-fold nested cross-validation is used to obtain the classification results of the
aforementioned classifiers.

When using the ADNI dataset, our proposed descriptors extracted from the 3D shearlet
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Table 5.2: OASIS classification performance using shearlet-based descriptors for CN vs.

AD.

Best performance is highlighted.

Method ACC Sen | SP | GM
(a): Shearlet-based methods for AD classification
M SVM | 0.688940.1028 | 0.6444+0.1394 | 0.7333+0.0724 | 0.6860+0.1066
DTB | 0.6889£0.0602 | 0.6333£0.1152 | 0.7444£0.0843 | 0.6827+0.0613
LBP SVM | 0.6889£0.0819 | 0.655640.1542 | 0.7222+0.0786 | 0.6823£0.0917
DTB | 0.6667£0.0810 | 0.6333£0.1152 | 0.7000£0.0930 | 0.662840.0847
LOSIB SVM | 0.6556£0.0421 | 0.588940.0843 | 0.72224+0.1039 | 0.6479+0.0380
DTB | 0.6278+0.0824 | 0.6444£0.1152 | 0.6111£0.1179 | 0.6229£0.0850
SFTA SVM | 0.6222£0.0505 | 0.644440.1009 | 0.6000%0.0724 | 0.6185£0.0506
DTB | 0.6444+0.0819 | 0.6667 4 | 0.6222+0.0609 | 0.6418+0.0815
0.1303
(b): Combining shearlet-based techniques
Fusion #1 SVM | 0.672240.0692 | 0.6111£0.1620 | 0.73331+0.0824 | 0.6614+0.0798
DTB | 0.7000 + | 0.6222+0.1204 | 0.7778+0.0556 | 0.6916 +
0.0534 0.0625
Fusion £2 SVM | 0.655640.0697 | 0.5444+£0.1542 | 0.7667+0.0609 | 0.639240.0843
DTB | 0.7000 4+ | 0.6111£0.1620 | 0.7889 + | 0.6888+0.0895
0.0819 0.0609

coefficients can achieve reasonable accuracy between 68% to 70% when fed to an SVM
or DTB classification model as shown in Section (a) of Table 5.1. We notice that the
highest accuracy is 0.7050 obtained while classifying this dataset utilizing SF'TA descriptors
coupled with an SVM classifier with a corresponding sensitivity = 0.7300, specificity =
0.6800, and geometric mean = 0.7009. On the other hand, when we use Fusion #2 that
combines CM and SFTA descriptors, the fusion provides a balance between sensitivity =
0.7100 vs. specificity = 0.7000 as presented in Section (b) of Table 5.1 while using a DTB
model. Accuracy remains the same as utilizing SF'TA descriptors alone.

Similarly, we apply our 3D shearlet technique on the OASIS dataset. While using
the OASIS dataset, our technique achieves accuracies between 62% to 68% when fed to a
classification model as shown in Section (a) of Table 5.2. The highest obtained accuracy is
0.6889 while classifying the dataset utilizing co-occurrence matrix textural features coupled
with an SVM classifier with a corresponding sensitivity of 0.6444, a specificity of 0.7333,
and a geometric mean of 0.6860. On the other hand, when we combine CM, LBP, LOSIB,
and SFTA in descriptors Fusion #1, the fusion boosts the accuracy to 0.7000 while using
a DTB model as presented in Section (b) of Table 5.2.

As a conclusion of this section, we compute the t-test statistical significance of best
performing models when descriptors are used individually vs. jointly based on geometric
mean values. We can observe from Table 5.1 for the ADNI data that SFTA alone yields
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Table 5.3: ADNI classification performance using deep features for (CN + sMCI) vs.

(pMCI + AD).
Best performance is highlighted.
Method ACC Sen SP GM
SqueezeNef SVM | 0.8400+0.0859 | 0.8569+0.0878 | 0.8218+0.1102 | 0.8378+0.0831
DTB | 0.895040.0570 | 0.877440.0602 | 0.9132+0.0909 | 0.8939+0.0543
MobileNet SVM | 0.90504+0.0411 | 0.8948+0.0898 | 0.9063+0.0628 | 0.8987+0.0443
DTB | 0.9100 + | 0.9161 + | 0.8964+0.0563 | 0.9052 +
0.0379 0.0649 0.0381

Xception SVM | 0.90004+0.0586 | 0.874440.1016 | 0.9217+0.0645 | 0.8963+0.0659
DTB | 0.90504+0.0737 | 0.8839+0.1124 | 0.9241 + | 0.9021+0.0789

0.0846
. SVM | 0.865040.0652 | 0.8861+0.0779 | 00.8410 + | 0.86314+0.0656

Inception 0.0572
DTB | 0.8800+0.0818 | 0.8839+0.1018 | 0.8727+0.0822 | 0.8776+0.0848
DF Fusion| SVM | 0.8700+0.0447 | 0.8756+0.0707 | 0.8608+0.0818 | 0.8665+0.0483
#1 DTB | 0.8800+0.0818 | 0.8839+0.1018 | 0.8727+0.0822 | 0.8776+0.0848
DF Fusion| SVM | 0.8650+0.0487 | 0.8661+0.0603 | 0.86084+0.0818 | 0.8622+0.0522
#2 DTB | 0.8800+0.0818 | 0.8839+0.1018 | 0.8727+0.0822 | 0.8776+0.0848

a GM value of 0.7009 but when we use Fusion #1 of shearlet descriptors a slightly higher
GM value of 0.7040 is obtained. Nevertheless, when a t-test statistical significance of those
two models is computed, we obtain a t-value of -0.0972 and a p-value of 0.4625 which we
conclude that the result is not significant at p < 0.05. Similarly for the OASIS dataset in
Table 5.2, CM features alone yields the highest GM value of 0.6860 but Fusion #1 leads
to a GM value of 0.6916. Again, we conclude the result of classifying the OASIS dataset
while using CM vs. combined features is not significant at p < 0.05 where the t-value is
-0.1024 and the p-value is 0.4605.

5.4.2 Classification Results using Fine-tuned Pre-trained CNNs

In this section, we use the ADNI and OASIS datasets to fine-tune a CNN model. In order
to be able to fine-tune a CNN model based on an MRI volume, we need to adjust the model
as detailed in Section 5.2.2. To fine-tune a CNN model, the dataset used in this study
is divided into 80% for training and 20% for validation. The purpose of such a division
is to select and monitor the hyper-parameters and the model performance, respectively.
We choose a momentum value of 0.9 and a small learning rate of 0.0001 while utilizing
stochastic gradient descent for model fine-tuning [115]. Furthermore, fine-tuned pre-trained
CNN models are trained for a maximum of 60 epochs with mini-batches of size 10. In this
study, we re-train various CNN models: SqueezeNet, MobileNet, Xception, and Inception.
After fine-tuning a model, each model is then used to generate a feature vector for each
MRI volume. Those extracted feature vectors of each CNN model are used to train two
classifiers, i.e., SVM and DTB, in the context of 5-fold nested cross-validation as described
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Table 5.4: OASIS classification performance using deep features for CN vs. AD.

Best performance is highlighted.

Method ACC Sen SP GM
SqueczeNe SYM._| 0894100497 | 0.8603£0.0492 | 0.93130.0714 | 0.8942:£0.0422
DTB | 0.883320.0534 | 0.8637£0.0899 | 0.9146+0.0885 | 0.886120.0480
MobileNet | SYM_| 0.916720.0196 | 0.9034=0.0688 | 0.9367-£0.0579 | 0.91840.0225
DTB | 0.9278 &+ | 0.9146+0.0703 | 0.9467 =+ | 0.9291  +

0.0248 0.0542 0.0266
Xeeption |- SYM_| 0-9000-£0.0541 | 0.9034-£0.0688 | 0903540 1113 | 0.9010£0.0562
DTB | 0.8889+0.0481 | 0.8909-£0.0500 | 0.8929+0.1169 | 0.889420.0513
Ieeption |- SVM_| 0-8889-£0.0589 | 0.90910.0539 | 0.8723-0.1071 | 0.8889-£0.0622
DTB | 0.905620.0639 | 0.8966-£0.0529 | 0.9129+0.1266 | 0.902320.0653
DF Fusion| SVM | 0.8889=£0.0520 | 0.903420.0688 | 0.882320.1068 | 0.8906-0.0563
#1 DTB | 0.9000+0.0609 | 0.8966-£0.0529 | 0.9029+0.1108 | 0.897520.0631
DF Fusion| SVM | 0.0000+£0.0639 | 0.9216 &+ | 0.882340.1068 | 0.9001-0.0679

42 0.0676

DTB | 0.900020.0609 | 0.8966-£0.0529 | 0.9029+0.1108 | 0.897520.0631

in Section 5.3.

Tables 5.3 and 5.4 show results of various CNN models when used as feature extractors
after being fine-tuned while using the ADNI or the OASIS dataset, respectively. Fine-
tuning a pre-trained MobileNet leads to high classification results while using a DTB
model when trained in the five-fold nested CV fashion for both datasets that were used in
our study.

We also notice that when we explore two variations of deep features fusion to clas-
sify both datasets (i.e., the ADNI and OASIS), the classification results did not improve.
Further, we compute the t-test statistical significance of the results of MobileNet vs. deep
features fusion #2 for classifying the ADNI dataset, the result is not significant at p < 0.05
where the obtained t-value and p-value are 0.6631 and 0.2629, respectively. Similarly, when
the t-test is computed for the performance of both MobileNet vs. deep features fusion #2
for classifying the OASIS dataset, the result is not significant at p < 0.05 with a t-value of
0.8885 and p-value of 0.2001.

5.4.3 Classification Results While Combining Shearlet-based De-
scriptors with Deep Features

In the two previous sections, we provided a comprehensive examination of our shearlet-
based descriptors and deep features. In Table 5.5 and Table 5.7, we explore the combination
of shearlet-based features with deep features when being fed to an SVM or DTB classifier.
When we use all of our hand-crafted descriptors with deep features in Fusion #1 to classify
the ADNI dataset, we obtain an accuracy of 0.9050 with an SVM classifier. However, a
higher classification accuracy of 0.9350 is achieved with an SVM model while selecting only
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Table 5.5: ADNI classification performance while combining shearlet-based descriptors
with deep features for (CN + sMCI) vs. (pMCI + AD).

Best performance is highlighted. SVM and DTB classifiers are trained in the context of
5-fold nested CV, but CNN is trained while using 80% - 20% for training and validation,

respectively.
Method \ ACC \ Sen \ SP \ GM
(a): Shearlet-based descriptors with deep features
without using the custom CNN
Fusion #1 SVM | 0.9050£0.0274 | 0.910040.0418 | 0.9000£0.0500 | 0.9044£0.0276
DTB | 0.8750£0.0306 | 0.890040.0418 | 0.8600+0.0548 | 0.8742+£0.0311
Fusion #2 SVM | 0.9350 + | 0.9400 4 | 0.9300£0.0447 | 0.9345 +
0.0285 0.0418 0.0283
DTB | 0.895040.0597 | 0.910040.0224 | 0.8800£0.1151 | 0.8933£0.0618
(b): Shearlet-based descriptors with deep features
while using the custom CNN
Fusion #1 | CNN | 0.9000 0.8500 0.9500 0.8986
Fusion #2 | CNN | 0.9000 0.9000 0.9000 0.9000

Table 5.6: Using unseen data samples of ADNI to test the generalization of our proposed
techniques.

Best models are determined based on the highest geometric mean that is computed

in Table 5.5.
Method

ACC \ Sen \ SP \ GM
(a): Shearlet-based descriptors with deep features
without using the custom CNN
Fusion #2 | SVM | 0.6450£0.0371 [ 0.4800+0.0671 | 0.8100£0.0418 | 0.6221+0.0425
(b): Shearlet-based descriptors with deep features
while using the custom CNN

Fusion #2 | CNN | 0.7000 | 0.6000 [ 0.8000

| 0.6928

one of our shearlet-based descriptors (i.e., SFTA) and one of our deep features based on
MobileNet. The selection is made based on the high performance when used individually.
Furthermore, we examine the generalization of this high performing model on an unseen
dataset that was hidden from start to end (as shown in Table 5.6). As such, we obtain an
accuracy of 64.50% with a corresponding sensitivity of 0.4800, a specificity of 0.8100, and
a geometric mean of 0.6221.

Similarly, we apply our proposed combination to classify the OASIS dataset. We obtain
the highest classification accuracy of 90.00% while using a DTB when we combine all of our
shearlet-based descriptors with all of our deep features. However, when we only select one of
our shearlet-based descriptors and one of our deep features (i.e., the ones that achieved the
highest accuracy on their own), the obtained classification accuracy is 92.78%; therefore,
this model was selected to be tested on unseen data (i.e., hidden from the beginning to
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Table 5.7: OASIS classification performance while combining shearlet-based descriptors
with deep features for CN vs. AD.

Best performance is highlighted. SVM and DTB classifiers are trained in the context of
5-fold nested CV, but CNN is trained while using 80% - 20% for training and validation,

respectively.
Method \ ACC \ Sen \ SP \ GM
(a): Shearlet-based descriptors with deep features
without using the custom CNN
Fusion #1 SVM | 0.8944+0.0412 | 0.9000+0.0724 | 0.8889+0.0878 | 0.8922£0.0422
DTB | 0.9000£0.0421 | 0.900040.0724 | 0.9000£0.0824 | 0.8981£0.0424
: SVM | 0.9278+0.0541 | 0.91114+0.0497 | 0.9444 4 | 0.9274£0.0539
Fusion #2
0.0680
DTB | 0.894440.0692 | 0.888940.0680 | 0.9000+0.0724 | 0.8944+0.0691
(b): Shearlet-based descriptors with deep features
while using the custom CNN
Fusion #1 | CNN | 0.8611 0.9130 0.7692 0.8381
Fusion #2 | CNN | 0.9444 0.9565 0.9231 0.9397

Table 5.8: Using unseen data samples of OASIS to test the generalization of our proposed
techniques.

Best models are determined based on the highest geometric mean that is computed

in Table 5.7.
Method | ACC | Sen \ SP \ GM

(a): Shearlet-based descriptors with deep features
without using the custom CNN
Fusion #2[ SVM | 0.80000  [0.70000 [ 0.9000+0 [ 0.7937 +0
(b): Shearlet-based descriptors with deep features
while using the custom CNN
Fusion #2 [ CNN | 0.8000 | 0.7000 | 0.9000 [ 0.7937

end), the accuracy on the unseen data is 80.00% with a corresponding sensitivity of 0.7000,
a specificity of 0.9000, and a geometric mean of 0.7937 (as shown in Table 5.8).

In an attempt to reach a better classification model, we have built a custom CNN
model (see Section 5.2.3). Such a model takes a feature vector as an input which will be
further processed end-to-end to obtain a prediction. Such a custom CNN model is trained
from scratch while utilizing 80% of the dataset for training and 20% for validation. The
purpose of such a division is to select and monitor the hyper-parameters and the model
performance, respectively. As a result, we choose a regularization value of 0.005 and a
small learning rate of 0.001 while utilizing adaptive moment estimation (Adam) [106]. In
addition, our custom CNN models are trained for 200 epochs with mini-batches of size 10.

Similar to before, we examine our custom CNN model while concatenating all of our
shearlet-based descriptors with our deep features in Fusion #1. Alternatively, we examine
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our custom CNN model while using only one of each domain, i.e., one from the shearlet-
based descriptors and one from the deep features, that achieved the highest results indi-
vidually. In Table 5.5, we observe that the validation geometric mean for classifying the
ADNI dataset with the custom CNN for Fusion #2 is 0.9000. Therefore, we select Fusion
#2 as the best model and test this model on the unseen dataset which leads to an accu-
racy of 70.00% with a corresponding sensitivity of 0.6000, a specificity of 0.8000, and a
geometric mean of 0.6928 as shown in Table 5.6. Similarly in Table 5.7, when we use only
co-occurrence textural features that are computed in the shearlet domain combined with
MobileNet deep features in Fusion #2 to train and validate our custom CNN model on the
OASIS scans, we obtain a validation geometric mean of 0.9397. This model is then tested
on the unseen data to examine its generalization. The achieved accuracy on the unseen
data is 80.00% with a corresponding sensitivity of 0.7000, a specificity of 0.9000, and a
geometric mean of 0.7937 as shown in Table 5.8.

It is worth noting that our custom CNN provides higher classification results on the
unseen dataset than using SVM or DTB. This is an indication that it is less susceptible to
over-fitting. There is a gap between the validation results and the test results, especially
on the ADNI datasets. As such, the validation accuracy and testing accuracy while using
the ADNI dataset are 90.00% and 70.00%, respectively. However, as it has been indicated
in the dataset section, the ADNIT MRI volumes that are used for training/validation are of
the baseline visits of the patients, but our unseen data subjects are of patients of different
time-points. Thus, one can view our approach as effective to classify AD brain scans of
patients that are not necessarily of the same time-point.

5.4.4 State-of-the-art Results

Many studies have been developed for the AD classification using traditional ML and DL.
In Table 5.9, we provide a summary of several state-of-the-art classification performances
of methods using the ADNI and OASIS datasets. Although we apply the classification task
of (CN + sMCI) vs. (pMCI + AD) while using the ADNI dataset, it can be compared
with the classification task of (sMCI vs. pMCI) [185].

Particuarly, we compare the performance of our method on the ADNI dataset with
results that were reported by Salvatore et al. [I85]. We conduct our experiments for
training a classifier while using the same patients’ data samples of the ADNI dataset as
Salvatore et al. When using the baseline of the ADNI dataset, Salvatore et al. reported
the highest accuracy of 85%, with a corresponding sensitivity of 0.83, and a specificity of
0.87. This performance was achieved while using (PCA + FDR) extracted from the MRI
samples with neuropsychological data. However, when only PCA features were used, the
classification accuracy, sensitivity, and specificity were 0.72, 0.69, and 0.75, respectively.
The classification performance improved with the neuropsychological data, but the authors
did not report the performance while using neuropsychological data only. In comparison
to Salvatore et al., our highest achieved accuracy is 93.50% while combining shearlet-based
descriptors and deep features that are extracted from the MRI samples, coupled with an
SVM model. When we examine our combined descriptors with a custom CNN model,
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examined in a split of 80% for training and 20% for validation, it led to an accuracy of
90.00%. Additionally, we do not use neuropsychological data. It is also worth noting that,
we examine the generalization of our best performing custom CNN model, i.e., achieved
the highest geometric mean, on unseen data. Such a model led to an accuracy of 70.00%.

Furthermore, we also report the performance of a study done by Hon and Khan [35].
Our experiments are conducted in a similar manner for training a classifier while using the
same patients’ data samples of the OASIS dataset. Hon and Khan fine-tuned two CNN
models while using each slice of an MRI as an independent example. When VGG16 was
fine-tuned, they achieved an accuracy of 92.3%. However, a better classification accuracy
of 96.25% was achieved while using Inception V4.

Similarly, Yagis et al. [233] explored fine-tuning DL models using the same data sam-
ples that were used by Hon and Khan. They fine-tuned VGG-16 and ResNet-50 for AD
classification, where only the last three layers were fine-tuned, and other layers were frozen.
Each slice of an MRI was considered as an independent labeled example from the OASIS
dataset. Also, some slices were discarded based on image entropy. When the split of slices
was done randomly where the same patient’s slices can appear either in the training or the
testing dataset, the highest reported classification accuracy was 92.5% while using ResNet-
50. When ResNet-50 was trained in a subject-based split where slices of a patient could
appear only in the training or testing split exclusively, the highest classification accuracy
was 67.1%.

Both Yagis et al. [233], and Hon and Khan [35] trained and tested their models in 5-
fold CV, but we test our model using 5-fold nested CV. Another difference in our proposed
method is that we use each MRI sample of the OASIS data as a volume. However, our
highest classification accuracy is 92.78% while combining shearlet-based descriptors and
deep features, coupled with an SVM model. Also, we examine our combined descriptors
with a custom CNN model, examined in a split of 80% for training and 20% for validation,
which achieved an accuracy of 94.44%. Furthermore, our best performing custom CNN
model trained on the OASIS dataset, i.e., achieved the highest geometric mean on the
validation set, is examined for its generalization on unseen data. Such a model led to an
accuracy of 80.00%.

In our comparison Table 5.9, only the study by Pan et al. [162] used a separate set for
testing a model generalization among the studies that we have reviewed.

Another observation from the comparison table: when the OASIS dataset was used,
some authors reported the performance based on the random split of slices. This is a
drastic issue since results can be over-optimistic because of possible ‘information leakage’.
As has been indicated earlier, Yagis et al. [233] demonstrated that a subject-based split
is more appropriate, but most likely, a classifier can be expected to perform more badly.
It is worth pointing to studies conducted by Mendoza et al. [I11] and Wang et al. [223].
Both of these studies selected a single slice to train and validate their respective models.
Arguably, one slice might not be sufficient for predicting AD since the practice in the
hospitals by a radiologist is using multiple slices [98]. In addition, Wang et al. mentioned
in their study that their 8-layer CNN model was empirically driven, but the CNN model
was adjusted to maximize the classification performance on the validation split. Therefore,
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the chosen model and hyper-parameters are then biased to maximize the performance on
the validation set.

Table 5.9: Comparative analysis of related work for AD classification.

Separate Set
for Testing

Training

Authors Protocol

Subject 'RD ACC  Sen SP

Reported performance of methods on
the ADNI dataset for (sMCI vs. pMCI) classification

Nanni 20-fold CV. X 134 sMCI + X 0.671 0.355 0.865

et 76 pMCI
al. [147]
Salvatore 20-fold X 134 sMCI + x 0.66 - -
et nested CV. 76 pMCI
al. [184]
Fenget  10-fold CV. X 160 sMCI + x 0.7448 0.7111 0.7664
al. [01] 120 pMCI
Lian et  2-fold CV. X 465 sMCI + x 0.81 0.53 0.85
al. [125] 205 pMCI
Pan et 5-fold CV. v 134 sMCI + x 0.62 - -
al. [162] 76 pMCI
Ours 5-fold nested Vv 50 CN + 50 x 0.9350 0.9400 0.9300
CV. sMCI + 50
pMCI + 50
AD

Reported performance of methods on
the OASIS dataset for CN vs. AD

Jha et  10-fold CV. X 98 CN + 28 x 0.9006 0.9200 0.8778

al. [98] ADs
Wang 49  subjects X 98 CN + 28 X 0.9765 0.9796 0.9735
et of each class AD + 70 AD
al. [223]  were used for (privately
training, and collected).

the other 49
subjects from
each class
were used for
testing.

Yagis 5-fold CV.
et
al [233]

X

100 CN + V 0.925 - -
100 AD

Continues on the next page
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Table 5.9: Comparative analysis of related work for AD classification.

Training Separate Set

Authors Protocol for Testing Subject "RD ACC  Sen SP
Hon 5-fold CV. X 100 CN + V 0.9625 - -
and 100 AD
Khan [37]
Mendoza 134 samples X 87 CN + 87 x 0.90 095 0.85
et were used for AD
al. [I41]  training and
40  samples
were used for
testing.
Ours 80% of the Vv 90 CN + 90 x 0.9444 0.9565 0.9231
data used for AD

training and
20% used for
validation.

* Random division (RD) of slices that potentially the same patient slices can appear in both training
and testing datasets.

5.5 Summary

MRI datasets present a major challenge when used for the automatic classification of
Alzheimer’s disease: having to deal with high-dimensional data. This creates the problem
of dealing with a large number of descriptors per MRI sample, with some representing
irrelevant attributes. Furthermore, with a low number of training samples, it can lead to
over-fitting and to a less effective classification model. Therefore, we rigorously evaluate
our proposed techniques while utilizing a commonly used training and validation protocol.
Most importantly, we further verify the capability of our technique to generalize on new
emerging data samples, i.e., we utilize a separate testing set of MRI volumes.

We have explored our previously successful descriptors on histopathological tissue types.
We have applied necessary adjustments to achieve classification performance to be on par
with state-of-the-art results. Instead of transforming each slice using 2D shearlets, we use
3D Shearlets which take into account adjacent slices. Then, we showed that using only
the averaged shearlet coefficients from all directions can lead to an effective classification
model for AD disease classification.

When it comes to deep features, it is obvious that fine-tuning a pre-trained model
can lead to superior performance. In this chapter, we have conducted a comprehensive
analysis using deep learning strategies. Again, we had to adjust the pipeline of our previous
approach (i.e., Chapter 4) to work with MRI scans. As such, we have leveraged a CNN
model to compute very compact attributes of high-dimensional MRI samples. First, we
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fine-tune a pre-trained deep learning model. The classification layer of a CNN model is
removed and instead, SVM and DTB classifiers are used. We learn beneficial knowledge
from stacked MRI slices. Each CNN model learns a very compact number of descriptors
of each MRI sample, which is effective in accomplishing superior classification results.

Finally, in an attempt to further improve the classification results, a custom CNN model
is used to fuse and transform the feature representation while using both shearlet-based
descriptors and deep features.
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Chapter 6

Conclusion

The main goal of this thesis is to provide an effective and efficient framework to clas-
sify medical images. To pursue this goal, we have proposed two pipelines, either using
hand-crafted techniques based on shearlet descriptors or deep learning strategies. Hand-
engineered descriptors involve the development of an algorithm that is devised to carefully
extract useful knowledge and attributes from the content of medical images. On the other
hand, deep learning models are trained directly based on a large number of raw input
images, generally, using non-medical images. We use such models as our starting point.

These DL models are examined on four public histopathological datasets of different
sizes. For instance, Warwick-QU contains a total of 165 samples, yet our DL models led
to remarkable classification results. In Figure 4.2, we show the performance of two DL
models, namely, SqueezeNet and ResNet, while varying the number of tissues per class.
Both of these models have an accuracy of approximately 90% while using only 200 tissue
images per class that are available from the multi-class Kather’s dataset.

Both of our techniques are examined on images of histopathological tissues. In our
traditional learning-based techniques, our modeling is based on shearlet-based descriptors,
which provides better results than many existing techniques on four standard histopatho-
logical datasets. Therefore, it is expected to generalize to other similar texture-based
datasets. Furthermore, we have provided state-of-the-art results while using deep learning
strategies. Most importantly, we have demonstrated that fine-tuning deep learning models
do not require aggressive data augmentation.

To further explore our proposed techniques, we have examined them on MRI in ra-
diology. In addition to the challenges presented with histopathological images, the MRI
contains a large number of pixels as each sample contains many 2D image slices. As a
result, we needed to adjust our techniques to work successfully with MRI sample classi-
fication. Therefore, our shearlet-based feature representation is computed using the 3D
shearlet transform. On the other hand, we do not use pre-trained deep learning models
as unsupervised feature extractors because we would have to feed each slice independently
to obtain a feature vector per slice. Therefore, we fine-tune a pre-trained model using
the MRI samples and then use it as a feature extractor for the whole MRI sample. We
obtain a very compact number of descriptors which we use to train a classical ML classifier.
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Furthermore, we combine our shearlet-based descriptors with deep features for Alzheimer’s
disease classification.

As recommendations for practitioners for building medical image classification system:

e Pre-trained CNN models as unsupervised feature extractors is a desirable approach
when dealing with 2D medical images, e.g., histopathological images. When it comes
to data like MRI sample, which contains a large number of slices, it is rather more
practical to fine-tune a DL model and used it as a feature extractor to obtain a
compact feature vector per MRI sample. Then, these deep features can be used to
train a classical classifier.

e Given that deep learning models might require demanding computational resources,
texture-based methods, particularly CM textural features and LBP, with spectral
methods can also deliver remarkable results. Generally speaking, this can work well
with 2D datasets. When it comes to 3D datasets (e.g., MRI data), over-fitting might
be a problem. A large number of descriptors will be computed. With a limited
number of samples, this can potentially lead to over-fitting. This can be avoided by
utilizing feature reduction techniques.

6.1 Summary

In this Ph.D. thesis, each of our proposed techniques for medical image classification con-
sists of several components. Our hand-crafted techniques start from feature extraction,
feature selection, to classification. When we use deep learning techniques, the learning
process is end-to-end including the classification task. However, when a deep learning
model is used as a feature extractor, then we need to apply feature extraction, then feature
selection, and classification. Both of our techniques are used to examine medical images
in the field of pathology and radiology.

In Chapter 1, we first provide an overview of two major fields in medicine, namely
pathology and radiology. Both fields in medicine are receiving a great amount of interest
given the fact that both are essential in identifying potentially lethal diseases. Radiology
is inherently in digital form, while histological slides first need to be digitized.

In Chapter 2, we have provided an extensive summarization of available histopatholog-
ical datasets. Further, we have surveyed studies that have used these datasets and reported
their classification performance. We categorize our review of such techniques into tradi-
tional and deep learning-based methods. We have also identified the common procedure
of training and testing a CAD. We further have a review of CAD techniques that can be
applied to image classification in radiology. It is worth noting that each modality presents
itself with different attributes of complexity, yet CAD techniques can be extended to other
imaging modalities with necessary changes. Being able to identify the challenges presented
for CAD systems, we have proposed novel techniques that are capable of delivering robust
classification performance. For instance, histopathological images are challenging because
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of variations due to different applications of staining components. Therefore, many au-
thors proposed to apply color deconvolution to highlight the cellular level. We instead
have used the complex shearlet coefficients to compute phase and magnitude coefficients
which in return generated robust descriptors (see Chapter 3). We showed that while using
deep learning, there is no need to train from scratch or to use aggressive data augmenta-
tion to achieve the state of the art results (see Chapter 4). Additionally, we showed that
our proposed hand-crafted and deep learning techniques can be extended to MRI sample
classification with necessary modification (see Chapter 5).

In Chapter 3, instead of computing the textural features in the spatial domain, we
exploit the multi-directional and multi-resolution complex shearlet transform to compute
our descriptors. With complex coefficients, we study the effectiveness of the shearlet coeffi-
cients when using the magnitude vs. relative phase (RP) components. Generally, we have
found that the combination of magnitude and RP coefficients is beneficial for robustness
and helps in achieving competitive results on public histopathological image datasets. Fur-
thermore, our computed feature sets are based on methods that capture local and global
statistics: co-occurrence textural features, local binary patterns, local oriented statistic
information booster, and segmentation-based textural features calculated in the complex
shearlet domain. After that, we use PCA to obtain a reduced set of our proposed com-
bined feature space in the shearlet domain. On some datasets, this reduced feature set
can maintain or increase classification performance with traditional machine learning. We
also show that the machine learning method has only limited influence on the results and
hence it is possible to use a DTB if desired because decisions of this classifier are con-
sidered interpretable. Our proposed method achieves state-of-the-art results on the four
histopathological image datasets that we have used in this study. We expect it to generalize
beyond these four common datasets.

In Chapter 4, we investigate the use of state-of-the-art deep learning models, i.e.,
SqueezeNet, MobileNet, ResNet, and DenseNet, to achieve high classification accuracy.
We show that two different approaches, either generating features from pre-trained models
(i.e., without fine-tuning), or fine-tuning the CNN from pre-trained models are effective
strategies. Our experimental evaluation shows that our classification methods provide
better performance in comparison to previously published state-of-art methods. In training
an SVM on deep features, we apply ILFS to yield a reduced sub-space of features while
maintaining high accuracy. We are able to overcome the significant limitation of deep
features which is their high dimensionality.

We find that CNN-based features have the advantage of requiring less time to train
than fine-tuning a CNN but require feature extraction and reduction. Alternatively, a
CNN model can be fine-tuned end-to-end and used as a classifier, but this process requires
more time to train and more computational resources.

Finally, in Chapter 5, we have selected a different challenging medical dataset that is
captured with MRI in radiology. We have extended our proposed hand-crafted and deep
learning techniques to be used on MRI scans. The MRI dataset presents different levels of
complexity, i.e., a large number of slices and pattern variability of different slices. Necessary
changes were incorporated into the application of those two techniques to handle the MRI
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scans efficiently. Consequently, shearlet techniques showed a moderate level of success, but
deep learning strategies were adjusted and state-of-the-art results are obtained. When both
shearlet-based descriptors and deep features are combined, we have obtained classification
results surpassing the state-of-the-art.

6.2 Limitations and Future Work

Although we have delivered effective classification models, there are some limitations of
the proposed work. Notably, the classification models that are built for histopathological
image classification based on cross-validation protocol, without the use of a hidden set for
testing the generalization of our technique. This is a commonly used procedure in the
literature due to the fact of limited data points in the medical datasets. Also, it should be
acknowledged that building an effective classification model for Alzheimer’s disease comes
with the cost of multiple pipelines, i.e., 3D shearlet-based descriptors and deep features.

For future work, in our traditional learning techniques, we utilized the 2D shearlet
transform to extract descriptors from histopathological images. We have used PCA for
dimensionality reduction, but we plan to investigate other feature reduction methodolo-
gies to aggressively reduce the number of descriptors without compromising the classifica-
tion performance. The problem of a highly imbalanced dataset observed in the BreakHis
dataset can be eliminated or reduced by using sampling methods, e.g., Synthetic minor-
ity oversampling (SMOTE) technique [31], on the training dataset. Furthermore, we also
plan to investigate to resolve the issue of imbalanced datasets in the context of deep
learning by utilizing various data augmentation techniques. However, Chen et al. [30] in-
dicated that utilizing unsupervised contrastive learning can gain more from robust data
augmentation than supervised learning. Therefore, an intriguing technique worth explor-
ing is unsupervised contrastive learning with data augmentation [32, 36] for small medical
datasets. Another direction for future work is to examine alternative weight initialization
of deep learning models that were trained on larger datasets than ImageNet. Such deep
learning models [107] can be investigated while using a small number of datapoint per
class.

Both of our traditional and deep learning techniques have been extended to Alzheimer’s
disease classification from MRI data. It would be interesting to examine our approach on
another dataset of similar nature of complexity, for example, the Parkinson’s Progression
Markers Initiative (PPMI) data repository [138]. Although our techniques were examined
for the classification task, it would be interesting to extend our shearlet descriptors and
deep learning strategies for segmentation tasks. For example, the multimodal Brain Tu-
mor Image Segmentation Benchmark (BRATS)* is worth exploring. Furthermore, several
studies have proposed to build classification models based on selected slices [233, |, e.g.,
discarding some slices based on the image entropy. In the future, we plan to investigate a
suitable method for slice selection. After selecting a subset of slices that contains the most
disease-indicative information, it would be interesting to reduce the complexity of the 3D

*The BRATS benchmark can be accessed via http://www.braintumorsegmentation.org/.
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problem into 2D. Hence, we can then investigate our texture-based descriptors in the 2D
shearlet domain. An alternative approach that can be investigated is the adoption of a
more advanced model, e.g., the Squeeze-and-Excitation [¢8] model while utilizing a channel
attention mechanism. In this manner, the model automatically can capture discriminative
attributes by combing spatial and channel-wise information.
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Appendix A

Supplemental Material For Chapter 2

In this appendix, we provide a summary of methods that exist in the literature that propose
either classical or deep learning techniques.

Table A.1: Summary of methods using BreakHis, Warwick-QU, USCB, Epistroma, or
Kather (tumor & strom tissue only).

Authors Descriptors/Methodology CL  Dataset ACC (%)

Reported accuracy of methods using traditional texture analysis
Kather et A various number of hand-crafted fea- SVM Kather 98.6%
al. [103] tures are extracted: lower-order and higher- et al.

order histogram features, LBP, GLCM, GF,
Perception-like features. The authors com-
bine some subsets of descriptors to boost the
classification result.
Ribeiro et The authors extract fractal measures and PL  Kather 97.68%

al. [I77] ~ Haralick features from both spatial images et al.
and curvelet coefficients. A subset of the fea- (250 ex-
tures is selected using RELIEFF [110]. amples
of each
class
only)
Bianconi  Feature extraction is based on visual percep- SVM Epistroma 96.94%
et al. [21] tion (i.e., coarseness, contrast, directionality,

line-likeliness, and roughness).

Continues on the next page
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Authors Descriptors/Methodology CL  Dataset ACC (%)
Alinsaif A combination of texture features (i.e., SVM Epistroma 98.04%
and Lang GLCM, LBP, LOSIB, SFTA) in the shearlet
[5] domain are extracted from both magnitude
and phase coefficients and then reduced us-
ing PCA.
Smeraldi A modified version of the texture spectrum 1- Epistroma 92.4%
et al. technique is proposed to work with partial or- NN
[197] der rank feature in color space.
Nava et The authors propose studying histopatholog- SVM Epistroma 96.53%
al. [151]  ical images based on discrete Tchebichef mo-
ments.
Ramalho  The authors propose a rotation-invariant fea- SVM Epistroma 95%
et ture extraction method based on a structural
al. [175] approach using co-occurrence statistics.
Song et The authors propose using Fisher vectors SVM BreaKHis "Pal:
al. [202]  with component selective encoding for dimen- 88.5%
sionality reduction. -
90.8%;
IL:
85%
87.5%
Bianconi A modified version of LBP (called IOCLBP) NN  BreaKHis =~ IL:
et al. [22] isproposed. Then, IOCLBP is combined with 91.9%
LCC. -
93.8%
Ribeiro et The authors extract fractal measures and PL  Warwick- AUC:
al. [177] Haralick features from both spatial images QU 0.994
and curvelet coefficients.
Dos San- The authors propose a technique that com- LR Warwick- AUC:
tos et bines multiscale, multidimensional, and fuzzy QU 0.983
al. [52] sample entropy strategies. The multiscale

strategy is based on various window sizes.
The multidimensional strategy is computed
for each pixel in the color image. Finally, the
goal of the fuzzy strategy is to verify the rel-
evance of the distances between windows.
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Authors Descriptors/Methodology CL  Dataset ACC (%)
Taino et In this study, the authors have proposed a RF  Warwick- 90.82%
al. [210]  method based on a Genetic algorithm cou- QU
pled with handcrafted features (i.e., fractal
techniques, Haralick texture features, and
curvelet coefficients).
Bruno et LBP isapplied on curvelet coefficients. Then, PL  UCSB 100%
al. [28] ANOVA feature selection is used to reduce
the dimensionality.
Yu et In this study, a fusion of two sets of featuresis SVM UCSB 96.7%
al. [235] obtained: 1) Nuclei segmentation is applied,
and then the segmented image is used to ex-
tract morphological and spatial features (i.e.,
Voronoi, Delaunay, and minimum spanning
tree), and 2) color deconvolution is applied,
and then from each of the decomposed images
(i.e., H & E) texture features (SURF, GLCM,
LBP) are extracted. Finally, feature vectors
are combined and reduced using relief [130].
Reported accuracy of deep learning techniques
Cascianelli Deep features (i.e., VGG-VD-16 [195]) isused NN  Epistroma 95.2%
et al. [32] as afeature extractor) with dimensionality re-
duction.
Huang et The authors have proposed unsupervised CNN Epistroma 93.5%
al. [90] domain adaptation using transfer learn-
ing. A CNN model is trained using dif-
ferent datasets, and cross-validated with an
epithelium-stroma dataset.
Bianconi  The authors have proposed using CNN-based NN  Epistroma 97.3%
et al. [22]  (i.e., ResNet-50-FC) features.
Wei et Transfer learning of a DL model with data Bi- BreaKHis Pal:
al. [226]  augmentation. CNN 97.02%
97.89%;
IL:
97.56%
97.97%
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Authors Descriptors/Methodology CL  Dataset ACC (%)
Nahid et Raw images, hand-crafted features, and free CNN BreaKHis =~ IL:
al. [116]  quency domain information are used for 94.40%
breast cancer histopathological image classi- -
fication. 97.19%
JonnalageddA deep learning model is trained using aug- CNN BreaKHis 92.2%
et mented images and information from tumor
al. [I01]  nuclei. All magnification factors are treated
as one single dataset.
Sharma The four magnification factors of the LR  BreaKHis 92.60%
and BreaKHis dataset are combined as one
Mehra [192] dataset. Then, deep features are extracted
from a fine-tuned pre-trained VGG16 model.
Alom et The authors of this study propose using the CNN BreaKHis Pal:
al. [11] IRRCNN model. This model is trained with 97.56%
data augmentation. -
97.65%;
IL:
97.32%
97.95%
Vo et First, stain normalization is applied, and GBT BreaKHis =~ IL:
al. [221]  Inception-ResNet-v2 is fine-tuned with data 93.8%
augmentation.  Various CNN models are -
trained with resized images (i.e., 600, 450, 95.1%
300). Finally, deep features are extracted to
train a CML model and majority voting is
utilized to obtain the final results.
Xie et The Inception ResNet V2 is fine-tuned with CNN BreaKHis Pal:
al. [230]  data augmentation. 99.79%
100.0%:
IL:
99.10%
99.79%
Jiang et The authors have proposed to used SE- CNN BreaKHis = IL:
al. [99] ResNet [$8], which the building block of such 99.34%
a model based on the combination of the -
Squeeze-and-Excitation block. 98.87%
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Authors Descriptors/Methodology CL  Dataset ACC (%)
Kumar et First, the dataset is augmented and normal- CNN BreaKHis =~ IL:
al. [113] ized. Then, a feature vector for each image 94.11%
is obtained using VGG-16, such that a con- -
catenation of descriptors are obtained from 97.01%
multiple layers of the CNN model.
Xu et First, a decision DL model is used. As such, CNN BreaKHis =~ IL:
al. [232]  the model aims to decide whether to crop the 97.8%
original image and whether the cropped patch -
is necessary for the classification stage. Then, 98.5%
the selected cropped patches are used to train
another model for the classification, which in
turn provides feedback to the decision net-
work.
BenTaieb  Weighted multi-loss terms are proposed for AE  Warwick- 95%
et al. [19]  histopathological image classification. QU
Song et The authors in this study have proposed to SVM UCSB 98.3%
al. [200]  extract the following features: Dense SIFT,

multiple layers of RBM, features of fine-tuned
CNN (i.e., VGG-VD). Then, those features
are encoded using FV. Finally, a separation-
guided technique used to reduce the dimen-
sionality. Particularly, CNN-based encoded
FV gave the best accuracy.

* In the case of BreaKHis, the range of accuracies indicate the lowest and the highest values achieved
when a corresponding technique is examined on the four magnification factors.

Table A.2: Summary of methods using multi-class Kather’s dataset.

Authors

Descriptors/Methodology CL ACC (%)

Reported accuracy of methods using traditional texture analysis

Bianconi  In this study, the authors have proposed to combine I0- NN  93.4%
et al. [22] CLBP with LCC.

Reported accuracy of deep learning techniques
Wang et Histopathological images are decomposed into H & E stain  Bi-  92.6%
al. [222]  components. CNN
Maguolo  The authors propose to fine-tune a pre-trained VGG-16 CNN 96.88%
et model. The VGG-16 model is independently retrained each
al. [130] time with a different activation function, and the ensemble

of outputs of these DL models is utilized (i.e., sum rule).

Continues on the next page
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Authors Descriptors/Methodology CL ACC (%)

Alinsaif The authors have utilized DenseNet-201 as an unsuper- SVM 95.40%
&  Lang vised feature extractor. To overcome the problem of high-
[0] dimensionality, the feature vectors are reduced.

Lai and Proposed modifying ResNet-50 by replacing the layer be- CNN 94.4%
Chang [118] fore the classification layer (i..e, global average pooling
layer) with a flatten layer.

Medela et A DL model is trained on a proposed loss function called CNN 92.96%
al. [110] a constellation. This proposed loss combines both triplet
and multiclass-N-pain loss functions.

Table A.3: Work summary of methods using BACH dataset.

Authors Descriptors/Methodology CL ACC (%)

Reported accuracy of methods using traditional texture analysis

Sarmiento Two types of attributes are computed and concatenated for SVM 79.2%
et breast cancer image classification: color- and texture-based
al. [187]  descriptors.

Reported accuracy of deep learning techniques

Brancati  Images are down-sampled and a square patch is taken from CNN 97.3%
et al. [25] each image to fine-tune 3 ResNet configurations (i.e., 34,

50, and 101 layers). The outputs of the three networks are

combined using the max probability rule to obtain the final

label.
Chennamsetty DenseNet-161 and ResNet-101 are fine-tuned using a CNN 97.5%
et al. [37]  stain normalization scheme (i.e., mean and standard de-

viation normalization stats are computed from ImageNet
data); 2) DenseNet-161 is fine-tuned based on a different
stain normalization scheme (i.e., normalization stats are
computed from the whole histological training data). The
outputs of (1) & (2) are combined using majority voting.

Kone et The authors propose to Fine-tune ResNeXt50 [231] with CNN 99%
al. [109] data augmentation. First, a histological image is classified
into carcinoma & non-carcinoma. If an image is classified
as carcinoma, then another binary classifier is used to find
the specific label (i.e., in situ or invasive). Similarly, the
same approach is applied when an image is classified as
non-carcinoma (i.e. normal or benign).

Continues on the next page
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Authors Descriptors/Methodology CL ACC (%)
Vesal et Inception-V3 is fine-tuned based on color-corrected image CNN 97.08%
al. [219]  patches (i.e., color histogram stats are matched between

source and target image) and augmented data.
Nazeri et A model is trained based on color-augmented patches of CNN 95%
al. [155] histological images. Feature maps of all patches of an image

are stacked and form feature vectors for all images. Then,

another model is trained to make the final prediction.
Wang et Data augmentation (including image deformation) is ap- CNN 91.7%
al. [224] plied to fine-tune VGG16.
Pimkin et Two different models (i.e., ResNet and DenseNet) are fine- XG-  90%
al. [167] tuned, which are fine-tuned based on patches that are ex- Boost

tracted from the histological images. From those fine-tuned

models different features are extracted (e.g., min, max, or

mean values) to be fed to a CML.
Vo et First, stain normalization is applied, and Inception- GBT 96.4%
al. [221] ResNet-v2 is fine-tuned with data augmentation. Various

CNN models are trained with resized images (i.e., 600, 450,

300). Finally, deep features are extracted to train a CML

model and majority voting is utilized to obtain the final

results.
Minh et The authors propose to fine-tune a modified Inception-V3. CNN 95%
al. [120] The output feature maps from block-9, block-10, and block-

11 are concatenated prior to being fed to a global average

pooling layer.

Table A.4: Summary of methods using HistologyDS dataset.
Authors Descriptors/Methodology CL ACC (%)
Reported accuracy of methods using traditional texture analysis

Lumini et Images are pre-processed to obtain wavelets, gradient im- SVM AUC:
al. [134] ages, a Gaussian image pyramid, and represented in differ- 0.936

ent color spaces (i.e., RGB, HSV, and YUV). All stacked
together to form an n-layer image. The following features
are extracted: from gray-level (LPQ & LBP) and from
the n-layer image (Volumetric LBP, Volumetric LPQ, and
LPQ-TOP). However, the weighted sum rule of two trained
models using LPQ and LPQ-TOP gave the best AUC.

Continues on the next page
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Authors Descriptors/Methodology CL ACC (%)
Di  Ru- Three sets of features are extracted: GLCM features from SVM 96.0%
berto et the red channel, GLRLM features from the green channel,
al. [17] GLDM features from the blue channel. A feature selec-

tion technique is applied for each set of features, and then

combined and fed to train a CML model.
Dos San- Texture descriptors are extracted from edge regions in the SVM AUC:
tos et histological image. The Sobel edge detector or Difference of 0.929
al. [51] Gaussian is applied to obtain an edge and non-edge maps.

Edge and non-edge maps are fed to LTP an LPQ for fea-

ture extraction. Thereafter, the sum rule fusion of different

trained models is used.
Grana et A histological image is converted into a graph by connect- SVM AUC:
al. [72] ing each pixel to its 4-neighbors. From this graph, the 0.929

Dijkstra’s cost scores are compared with the pixels’ geo-

metric distance to obtain the minimum cost path. From

the gray-level image, LTP features are also extracted. A

final label is assigned based on the weighted sum rule.
Nanni et A number of descriptors are extracted: RICLBP, Ensemble SVM AUC:
al. [151] of Multi-ternary coding version of Multi-scale LPQ, multi- 0.948

quinary coding version of Multi-scale linear configuration,
and BSIF. CML models are trained based on the aforemen-
tioned features and fused using the sum rule.

Reported accuracy of methods using deep learning techniques

Nanni et The following descriptors are extracted: Deep features SVM AUC:
al. [150]  based on different CNN models, and Loci which use an 0.941
ensemble of LQP to extract geometric loci of points: circle,
ellipse, parabola, and archimedean spiral. To obtain the
final label, the outputs are fused by the weighted sum rule.
Lai and Deep features are extracted from a DL model trained from MLP 90.2%
Deng [119] scratch. Traditional features, i.e., color moments and

GLCM features, are also extracted. The two sets of fea-
tures are combined to train a CML model.
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Table A.5: Summary of methods using Lymphoma dataset.

Authors Descriptors/Methodology CL ACC (%)

Reported accuracy of methods using traditional texture analysis
Mohan et The authors have utilized a tool called Wndchrm [190] to MD  94.78%
al. [114] extract features from an image. Then, a Fisher score tech-

nique is used for feature selection [73].

Do Nasci- Histological images are pre-processed for color enhance- PL 100%
mento et ment using CLAHE and 2D order-statistics. Then, a global
al. [19] threshold is used to identify the regions of interest to ex-

tract morphological features and non-morphological fea-
tures. Ansari-Bradley feature selection is applied to reduce
the dimensionality. Lymphoma dataset is a 3-class classifi-
cation problem, but the authors have applied the following
binary classification problems: CLL-MCL, CLL-FL, and

FL-MCL.
Roberto A histological image is divided into smaller blocks, and DECO-AUC:
et then the color similarity of pixels is computed. The smaller RATE 0.943
al. [178] regions of interest are labeled using a clustering technique

to extract the following features: the number of clusters,
the occurrence of percolation, and the coverage ratio of the
largest cluster.

Gonzalez ~ DSMs are extracted in sliding window fashion from an im- RF 100%
et al. [71] age. N-way ANOVA is used to check the statistical signifi-
cance of the descriptors and window size.

Nava et The following discrete orthogonal moments are extracted: KFDA 93.83%
al. [153]  moments of Discrete Tchebichef, Discrete Krawtchouk, and

Discrete Dual Hahn. The aforementioned moments are ex-

tracted from H & E components separately using a sliding

window. The dimension of features is reduced using RELI-

Song et The authors have explored the following features: 1) Im- SVM 96.8%
al. [201]  proved FV [166], 2) LBP, 3) histogram of oriented gra-

dients [00], 4) CENTRIST and, 5) GIST texture fea-

tures [159]. The authors combine and transform the de-

scriptors using subcategory discriminant transform. Such
a transform is used to learn convolution kernels and these
kernels used to transform the feature vectors which then
fed to train a CML.

Continues on the next page
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Orlov et A color deconvolution is applied to obtained H & E compo- RBF 99%
al. [I61]  nents. Particularly, the extracted features from the eosin

components yielded the best accuracy. The eosion compo-

nents are transformed into the following domains for fea-

ture extraction: wavelets, Chebyshev, and Fourier. Then

features are computed and combined to form a single raw

vector of a histological image.

Reported accuracy of methods using deep learning techniques

Nanni et Different DL models are fine-tuned for deep feature ex- SVM 97.33%
al. [152] traction (i.e., GoogLeNet, VGGNet, ResNet, Inception,

and Inception-ResNet-v2). Also, different hand-crafted fea-

tures are extracted (i.e., LTP, CLBP, Multiscale RICLBP,

LETRIST [199], morphological features, AHP, color de-

scriptors [24], Ensemble of LPQ by changing the filter size,

and BSIF). Then, CML models are trained based on these

deep features and hand-crafted descriptors. The final label

is predicted based on the fusion of the two scores using the

sum rule.
Song et The following features are extracted: Dense SIFT, multi- SVM 97.9%
al. [200] layers descriptors from RBM, descriptors from fine-tuned

CNNs (i.e., VGG-VD). Then, those features are encoded
using F'V. Finally, a separation-guided technique is used to
reduce the dimensionality.

Table A.6: Summary of methods using Path960 dataset.

Authors Descriptors/Methodology CL ACC (%)

Reported accuracy of methods using traditional texture analysis

Kumar et A comparative study of three techniques is conducted: SVM 96.50%
al. [114] LBP, bag-of-visual words, and deep features. Bag-of-visual
words achieved the highest classification accuracy.

Alhindi [1] LBP, the histogram of gradients, and a pre-trained deep SVM 90.52%
neural network are used to classify the dataset. The au-
thors have found that LBP achieves higher accuracy than
deep features.

Sukhia et In this study, histopathological image retrieval is based on L2 Precision:

al. [208]  multi-scale, the multi-channel decoded local ternary pat- dis-  95%
tern features followed by a vector of locally aggregated de- tance
scriptors.

Continues on the next page
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Liu et The authors propose to combine LBP variant and bag-of- SVM 93.49%
al. [129]  visual-words descriptors with deep features.

Reported accuracy of methods using deep learning techniques
Alom et The authors propose to use the IRRCNN with different CNN 98.79%
al. [10] data augmentation techniques (i.e., rotation, shear, zoom-
ing, and horizontal and vertical flipping).
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Appendix B

Supplemental Material For Chapter 3

In this appendix, we provide the classification performance of our methods of Chapter 3

in the form of tables.

Table B.1: Classification performance on Kather’s dataset using shearlet-based descriptors.

RP + Magnitude RP Magnitude
Method P SVM | DTB SVM | DTB SVM | DTB
(1): Baseline performance of
existing shearlet-based methods
ACC%| 82.34%+ 79.42%+ | 78.46%+ | 75.22%+ | 71.10%+ | 68.28%+
Vo et al 1.87% 1.27% 2.11% 2.17% 1.65% 1.09%
" AUC | 0.96584+ | 0.9646 £ | 0.9545 + | 0.9552 £ | 0.9283 £+ | 0.9340 +
0.0038 | 0.0038 0.0049 0.0066 0.0092 0.0036
Sen 0.82344 | 0.7943 £+ | 0.7846 £+ | 0.7522 & | 0.7111 &+ | 0.6828 +
0.0186 | 0.0127 0.0212 0.0218 0.0161 0.0107
Prec | 0.8263%4 | 0.7961 £+ | 0.7858 £+ | 0.7568 &+ | 0.7102 + | 0.6826 +
0.0191 | 0.0131 0.0218 0.0213 0.0180 0.0131
Meshkini ACC%| 80.06%+| 83.06%+| 37.72%+| 77.84%+| 83.38%+ | 83.74%+
and 1.54% 1.33% 1.78% 1.17% 1.81% 1.79%
GhassemianAUC 0.9648+ | 0.9800x | 0.7558+ | 0.9649+ | 0.9738 £ | 0.9816 £
0.0055 0.0081 0.0115 0.0028 0.0036 0.0027
Sen 0.8006E | 0.8307+ | 0.3772+ | 0.7784=+ | 0.8338 £ | 0.8374 £+
0.0154 0.0134 0.0179 0.0117 | 0.0181 0.0179
Prec 0.8111£ | 0.8325+ | 0.4338+ | 0.7792+ | 0.8385 £ | 0.8400 £+
0.0128 0.0124 0.0193 0.0105 0.0170 0.0168
ACC%| 64.26%+| 67.78%+| 51.34%+| 54.68%+| 60.06%+ | 64.42%+
Zhou et 2.20% 1.38% 2.35% 1.79% 1.43% 1.82%
al. AUC | 0.9016% | 0.9337% | 0.8519+ | 0.8846+ | 0.8764 £ | 0.9132 £
0.0074 0.0051 0.0104 0.0045 0.0050 0.0061
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Table B.1: Classification performance on Kather’s dataset using shearlet-based descriptors.

RP 4+ Magnitude RP Magnitude
Method P SVM DTB SVM DTB SVM DTB
Sen 0.6425+ | 0.6778x | 0.5134+ | 0.5468+ | 0.6006 + | 0.6442 +
0.0222 0.0138 0.0233 0.0177 | 0.0143 0.0183
Prec 0.6494+ | 0.6842+ | 0.5112+ | 0.5540% | 0.6182 &+ | 0.6511 &+
0.0240 0.0208 0.0235 0.0210 0.0198 0.0197
ACC%| 81.10%+| 77.50%+| 70.66%+| 72.10%+| 76.62%+ | 72.08%+
Dong et 1.90% 1.17% 1.81% 0.97% 1.86% 1.65%
al. AUC | 0.9621+ | 0.9620+ | 0.9297+ | 0.9457+ | 0.9504 £ | 0.9448 +
0.0046 0.0033 0.0082 0.0037 | 0.0063 0.0046
Sen 0.8110x | 0.7751x | 0.7066+ | 0.7210+ | 0.7662 £+ | 0.7207 +
0.0188 0.0116 0.0179 0.0100 0.0185 0.0166
Prec 0.8146E£ | 0.7758+ | 0.7114£ | 0.7263+ | 0.7681 £+ | 0.7210 £+
0.0187 0.0140 0.0187 0.0106 0.0190 0.0172
(2): Proposed shearlet-based methods for
textured bio-medical image classification
ACC%| 86.24%+ | 80.98%+ | 82.82%+ | 78.48%+ | 80.28%+ | 76.30%+
oM 1.27% 1.54% 1.47% 1.30% 1.64% 1.16%
AUC | 0.9761 £ | 0.9712 £ | 0.9697 £ | 0.9636 £ | 0.9603 £ | 0.9568 +
0.0027 0.0031 0.0035 0.0046 0.0039 0.0051
Sen 0.8624 + | 0.8098 + | 0.8282 + | 0.7849 &+ | 0.8028 &+ | 0.7630 +
0.0128 0.0155 0.0148 0.01274 | 0.0166 0.0114
Prec | 0.8649 £ | 0.8127 £ | 0.8322 £ | 0.7884 £ | 0.8037 £ | 0.7642 +
0.0130 0.0141 0.0147 0.0115 0.0157 0.0127
ACC%| 84.24%+ | 77.90%=+ | 81.36% =+ | 75.10%=+ | 79.36%+ | 75.38%+
LBP 0.91% 1.75% 1.16% 2.20% 1.39% 1.711%
AUC ]0.9724 £ | 0.9630 £ | 0.9649 £ | 0.9559 £ | 0.9590 £ | 0.9541 +
0.0026 0.0043 0.0039 0.0053 0.0037 0.0064
Sen 0.8424 + | 0.7791 + | 0.8136 & | 0.7511 &+ | 0.7936 + | 0.7537 +
0.0092 0.0174 0.0115 0.0216 0.0140 0.0172
Prec | 0.8454 £ | 0.7829 £ | 0.8171 £ | 0.7551 £ | 0.7964 £ | 0.7573 £
0.0106 0.0185 0.0129 0.0231 0.0131 0.0164
ACC% | 86.32%4 79.78%+ | 82.36%+ | 79.76%+ | 76.52%+ | 71.24%+
LOSIB 1.36% 2.11% 1.82% 1.35% 1.69% 1.01%
AUC | 0.9773+] 0.9703 £+ | 0.9671 £ | 0.9689 + | 0.9495 + | 0.9402 +
0.0021 | 0.0046 0.0045 0.0024 0.0048 0.0037
Sen 0.86324 | 0.7978 4+ | 0.8236 &+ | 0.7976 + | 0.7653 + | 0.7124 +
0.0134 | 0.0209 0.0180 0.0136 0.0169 0.0098
Prec | 0.8664+ | 0.8017 &+ | 0.8274 &+ | 0.8008 &+ | 0.7672 + | 0.7128 +
0.0128 | 0.0216 0.0169 0.0127 0.0191 0.0123
ACC% | 82.92%+ | 78.24%+ | 78.10%+ | 75.04%+ | 79.72%+ | 75.42%+
SFTA 1.41% 1.21% 1.43% 1.44% 1.07% 2.23%
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Table B.1: Classification performance on Kather’s dataset using shearlet-based descriptors.

RP 4+ Magnitude RP Magnitude
Method P SVM DTB SVM DTB SVM DTB
AUC | 0.9682 + | 0.9645 £ | 0.9554 £ | 0.9570 £ | 0.9597 £ | 0.9574 +
0.0030 0.0035 0.0031 0.0047 0.0032 0.0054
Sen 0.8292 + | 0.7825 = | 0.7810 & | 0.7504 &+ | 0.7972 &+ | 0.7543 +
0.0143 0.0124 0.0141 0.0144 0.0110 0.0224
Prec | 0.8331 £ | 0.7845 £ | 0.7877 £ | 0.7539 £ | 0.7986 £ | 0.7587 +
0.0139 0.0117 0.0144 0.0133 0.0109 0.0248
(3): Integrating shearlet-based existing techniques
with our proposed methods
ACC% | 87.54%+ | 81.40%=+ | 85.32%=+ | 80.30%+ | 83.92%+ | 77.76%+
Fusion #1 1.85% 1.21% 1.72% 1.52% 1.84% 1.21%
AUC ]0.9823 £ | 0.9734 £ | 0.9774 £ | 0.9707 £ | 0.9740 £ | 0.9619 +
0.0042 0.0019 0.0043 0.0024 0.0049 0.0031
Sen 0.8755 & | 0.8141 £ | 0.8533 £ | 0.8029 £ | 0.8392 £ | 0.7776 £
0.0186 0.0122 0.0173 0.0155 0.0185 0.0121
Prec | 0.8764 £ | 0.8154 £ | 0.8539 £ | 0.8078 £ | 0.8397 £ | 0.7798 +
0.0189 0.0135 0.0179 0.0153 0.0178 0.0127
ACC% | 88.46%+ | 82.28%+ | 85.14%+ | 80.26%+ | 83.54%+ | 77.20%+
Fusion 42 1.14% 1.46% 1.05% 2.11% 1.30% 1.92%
AUC ]0.9804 £ | 0.9746 £ | 0.9749 £ | 0.9699 £ | 0.9693 £ | 0.9606 +
0.0023 0.0034 0.0029 0.0049 0.0033 0.0040
Sen 0.8846 £ | 0.8228 £+ | 0.8514 £ | 0.8026 £+ | 0.8354 £ | 0.7720 £
0.0113 0.0148 0.0105 0.0211 0.0133 0.0195
Prec | 0.8874 £ | 0.8253 £ | 0.8551 £ | 0.8070 £ | 0.8375 £ | 0.7744 +
0.0108 0.0149 0.0107 0.0198 0.0130 0.0182
ACC%| 92.54%=+ 88.60%+ | - - - -
. 1.32% 2.03%
Fusion #3 —35¢ 09906 | 0.0900 £ | - - - -
0.0019 | 0.0020
Sen 0.92544 | 0.8860 £ | - - - -
0.0132 | 0.0203
Prec | 0.9267+| 0.8881 + | - - - -
0.0129 | 0.0194
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Table B.2: Classification performance on BreakHis dataset using shearlet-based descrip-

tors.
RP + Magnitude RP Magnitude
Method P SVM |DTB SVM | DTB SVM | DTB
(1): Baseline performance of
existing shearlet-based methods
ACC%| 85.69%=4 80.65%=+ | 83.63%+ | 78.95%+ | 76.10%+ | 76.52%=+
Vo et al. 1.18% 1.05% 0.99% 0.74% 0.66% 0.64%
AUC | 0.9121+| 0.8687 £+ | 0.8915 + | 0.8443 + | 0.7717 £ | 0.7926 +
0.0053 | 0.0079 0.0103 0.0183 0.0123 0.0175
Sen 0.72104 | 0.4855 4+ | 0.6766 £+ | 0.4496 + | 0.4698 + | 0.4056 +
0.0276 | 0.0346 0.0231 0.0157 0.0213 0.0301
Prec | 0.8035+ | 0.8268 4+ | 0.7732 4+ | 0.7881 &+ | 0.6701 &+ | 0.7247 +
0.0301 | 0.0296 0.0201 0.0208 0.0192 0.0159
Meshkini ACC% | 78.06%+| 79.43%+| 77.33% | 79.76%+| 76.44%+ | 77.46%+
and 0.80% 1.09% 1.23% 0.71% 0.96% 0.85%
GhassemianAUC 0.8339+ | 0.85253+ | 0.8111£ | 0.8579+ | 0.7991 £+ | 0.8357 £+
0.0030 0.0055 0.0086 0.0078 0.0139 0.0112
Sen 0.5177x | 0.4927%x | 0.4899% | 0.4980+ | 0.4722 + | 0.4218 &+
0.0194 0.0213 0.0291 0.0237 | 0.0232 0.0246
Prec 0.7049+ | 0.7688+ | 0.6973+ | 0.7779+ | 0.6788 + | 0.7496 +
0.0223 0.0313 0.0284 0.0500 0.0215 0.0181
ACC%| 68.66%+| 70.21%+| 65.20%+| 69.64%+| 66.47%+ | 70.58%+
Zhou et 1.23% 0.36% 1.47% 0.47% 0.88% 0.49%
al. AUC | 0.6426+ | 0.6781£ | 0.5832+ | 0.6154+ | 0.6022 £ | 0.6709 +
0.0245 0.0173 0.0193 0.0116 0.0198 0.0165
Sen 0.2875+ | 0.0677x | 0.2290+ | 0.0456+ | 0.2415 £+ | 0.0956 +
0.0310 0.0139 0.0273 0.0096 0.0326 0.0123
Prec 0.4996+ | 0.7915+ | 0.4035+ | 0.7728+ | 0.4361 + | 0.7436 +
0.0357 0.0314 0.0591 0.1106 0.0291 0.0687
ACC% | 79.49%+| 18.40%+| 73.54%+| 75.58%+| 78.40 =+ | 77.56%+
Dong et 1.39% 0.54% 1.61% 0.78% 1.20% 0.97%
al. AUC | 0.8390+ | 0.8359+ | 0.7641+ | 0.8018+ | 0.8090 + | 0.8082 +
0.0163 0.0110 0.0172 0.0069 0.0114 0.0156
Sen 0.5980+ | 0.4360+ | 0.4860+ | 0.3328+ | 0.5176 + | 0.4380 +
0.0342 0.0139 0.0312 0.0327 0.0270 0.0129
Prec 0.7077x | 0.7855+ | 0.6011%x | 0.7600% | 0.7204 £+ | 0.7480 +
0.0226 0.0169 0.0524 0.0155 0.0243 0.0307
(2): Proposed shearlet-based methods for
textured bio-medical image classification
ACC% | 87.26%+ | 79.33%=+ | 86.93%+ | 79.95%+ | 78.85%=+ | 75.08%+
oM 1.18% 1.17% 0.75% 0.39% 1.42% 0.80%
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Table B.2: Classification performance on BreakHis dataset using shearlet-based descrip-

tors.
RP + Magnitude RP Magnitude
Method P SVM DTB SVM DTB SVM DTB
AUC | 0.9365 + | 0.8679 + | 0.9283 + | 0.8687 4+ | 0.8350 4+ | 0.7823 +
0.0104 0.0134 0.0052 0.0085 0.0143 0.0148
Sen 0.7391 £ | 0.4137 £ | 0.7520 £ | 0.4677 £ | 0.5649 + | 0.2911 +
0.0286 0.0351 0.0242 0.0188 0.0371 0.0208
Prec 0.8358 & | 0.8500 £ | 0.8166 £ | 0.8140 £ | 0.7021 £ | 0.7717 £
0.0230 0.0270 0.0108 0.0164 0.0253 0.0274
ACC% | 89.51%+ | 81.63%=+ | 87.15%=+ | 79.58%+ | 86.07%+ | 80.01%+
LBP 0.69% 0.96% 0.51% 1.05% 1.04% 1.11%
AUC | 0.9477 + | 0.8905 + | 0.9296 + | 0.8665 + | 0.9153 4+ | 0.8630 +
0.0043 0.0101 0.0054 0.0131 0.0080 0.0075
Sen 0.7964 £ | 0.5081 £ | 0.7508 £ | 0.4484 £+ | 0.7177 £ | 0.4641 £
0.0233 0.0180 0.0173 0.0305 0.0355 0.0296
Prec 0.8590 & | 0.8444 + | 0.8241 £+ | 0.8182 £ | 0.8158 £ | 0.8200 £+
0.0149 0.0299 0.0126 0.0212 0.0132 0.0219
ACC%| 87.81%+ | 80.63%+ | 85.78%+ | 78.94%+ | 80.31%+ | 78.49%+
LOSIB 0.63% 1.03% 0.52% 1.47% 1.09% 0.90%
AUC ]0.9295 £ | 0.8771 £ | 0.9092 £ | 0.8516 £ | 0.8486 + | 0.8206 +
0.0056 0.0073 0.0042 0.0174 0.0085 0.0119
Sen 0.7585 & | 0.4972 £+ | 0.7234 £+ | 0.4315 £ | 0.5665 £ | 0.4617 £+
0.0252 0.0225 0.0177 0.0284 0.0274 0.0170
Prec 0.8380 &+ | 0.8121 £ | 0.8036 + | 0.8071 & | 0.7447 £+ | 0.7580 +
0.0163 0.0220 0.0116 0.0436 0.0220 0.0247
ACC%| 89.72% 4 81.83%+ | 87.95%+ | 79.90%+ | 83.53%+ | 80.39%+
SFTA 0.63% 0.79% 0.57% 1.20% 1.04% 1.14%
AUC | 0.9527+| 0.8880 + | 0.9393 + | 0.8769 + | 0.8943 + | 0.8424 +
0.0055 0.0071 0.0065 0.0070 0.0090 0.0158
Sen 0.8040+ | 0.4992 + | 0.7701 + | 0.4601 + | 0.6645 + | 0.4665 +
0.0243 | 0.0265 0.0239 0.0251 0.0332 0.0220
Prec 0.8593+ | 0.8641 + | 0.8332 + | 0.8197 4+ | 0.7787 4+ | 0.8355 +
0.0112 0.0137 0.0112 0.0324 0.0264 0.0323
(3): Integrating shearlet-based existing techniques
with our proposed methods
ACC% | 91.28% 1 81.78%+ | 89.58%+ | 80.98%+ | 87.29%+ | 80.30%+
Fusion 41 0.51% 0.73% 0.83% 0.71% 0.37% 0.62%
AUC | 0.96504 | 0.8981 + | 0.9515 + | 0.8853 + | 0.9346 + | 0.8719 +
0.0031 0.0053 0.0031 0.0102 0.0051 0.0084
Sen 0.8391+| 0.5085 & | 0.8121 £ | 0.4855 & | 0.7561 £ | 0.4504 £
0.0147 | 0.0087 0.0119 0.0252 0.0214 0.0163
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Table B.2: Classification performance on BreakHis dataset using shearlet-based descrip-

tors.
RP + Magnitude RP Magnitude
Method P SVM | DTB SVM | DTB SVM | DTB
Prec | 0.8775E | 0.8508 + | 0.8495 + | 0.8412 £ | 0.8244 + | 0.8516 &
0.0120 | 0.0259 | 0.0219 | 0.0185 | 0.0094 | 0.0198
ACC%| 89.33%+ | 80.33%+ | 87.82%+ | 80.24%=+ | 83.23%+ | 77.80%+
Fusion 42 061% | 0.89% |036% |0.84% [093% | 0.51%
AUC | 0.9503 + | 0.8763 + | 0.9354 + | 0.8742 & | 0.8872 & | 0.8446 +
0.0053 | 0.0138 | 0.0037 | 0.0072 | 0.0098 | 0.0071
Sen | 0.7964 & | 0.4544 + | 0.7690 + | 0.4726 + | 0.6536 + | 0.3694 &
0.0245 | 0.0202 |0.0132 | 0.0171 |0.0155 | 0.0173
Prec | 0.8537 & | 0.8471 + | 0.8304 & | 0.8216 £ | 0.7770 + | 0.8270 &
0.0105 | 0.0213 | 0.0098 | 0.0252 | 0.0256 | 0.0170
ACC% | 90.10%=+ | 85.08%+ | - . : -
. 0.87% | 0.80%
Fusion #3 — 11700560 & [ 0.9256 = | - 5 5 5
0.0053 | 0.0065
Sen | 0.8028 & | 0.5992 + | - 5 - .
0.0113 | 0.0175
Prec | 0.8723 & | 0.8887 + | - 5 5 5
0.0281 | 0.0161

Table B.3: Classification performance on Epistroma dataset using shearlet-based descrip-
tors.

RP + Magnitude RP Magnitude
Method P SVM |DTB SVM | DTB SVM | DTB
(1): Baseline performance of
existing shearlet-based methods

ACC%| 96.44%=+ 95.42%=+ | 95.50%+ | 94.26%+ | 94.48%+ | 94.26% =+

Vo et al 1.47% 1.03% 1.52% 1.95% 1.54% 1.35%
" AUC | 0.98954 | 0.9897 + | 0.9873 £+ | 0.9839 + | 0.9830 + | 0.9763 +

0.0082 | 0.0047 0.0078 0.0087 0.0083 0.0102
Sen 0.96854 | 0.9443 £+ | 0.9685 £+ | 0.9467 + | 0.9588 + | 0.9564 +

0.0131 | 0.0162 0.0117 0.0268 0.0182 0.0152
Prec | 0.97224+| 0.9787 4+ | 0.9577 &+ | 0.9576 + | 0.9501 &+ | 0.9487 +

0.0170 | 0.0083 0.0260 0.0220 0.0219 0.0193
Meshkini ACC%| 96.08%+| 96.29%+| 95.35%+| 96.37%+| 95.35%+ | 96.44%+

and 1.24% 1.86% 1.37% 2.80% 1.49% 2.20%
Ghassemian 0.9926+ | 0.9929+ | 0.9887+ | 0.9919+ | 0.9899 £+ | 0.9908 +

0.0046 0.0041 0.0058 0.0077 | 0.0050 0.0068
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Table B.3: Classification performance on Epistroma dataset using shearlet-based descrip-

tors.
RP + Magnitude RP Magnitude
Method P SVM DTB SVM DTB SVM DTB
Sen 0.9710x | 0.9600% | 0.9685+ | 0.9600+ | 0.9722 + | 0.9564 +
0.0190 0.0222 0.0207 0.0269 0.0161 0.0274
Prec 0.9642+ | 0.9778+ | 0.9550+ | 0.9791+ | 0.9517 + | 0.9840 +
0.0169 0.0151 0.0183 0.0184 0.0186 0.0181
ACC%| 89.68%+| 88.30%+| 81.69%+| 79.65%+| 84.45%+ | 87.13%+
Zhou et 1.33% 2.68% 2.58% 3.11% 2.98% 2.95%
al. AUC | 0.9506+ | 0.9400+ | 0.8748+ | 0.8721+ | 0.9110 £ | 0.9416 +
0.0158 0.0223 0.0222 0.0367 | 0.0194 0.0244
Sen 0.9370+ | 0.9103+ | 0.8934+ | 0.8666+ | 0.9236 + | 0.9102 +
0.0219 0.0287 0.0363 0.0343 0.0141 0.0327
Prec 0.8961+ | 0.8968+ | 0.8186+ | 0.8088+ | 0.8357 + | 0.8799 +
0.0183 0.0275 0.0251 0.0501 0.0330 0.0282
ACC% | 95.72%+| 95.28% +| 94.84%+| 93.39%+| 95.86%+ | 93.75%+
Dong et 1.5/% 1.66% 1.59% 2.11% 1.32% 1.15%
al. AUC | 0.98824+ | 0.9837+ | 0.9836+ | 0.9776+ | 0.9884 £ | 0.9836 +
0.0071 0.0089 0.0071 0.0132 0.0082 0.0101
Sen 0.9551+ | 0.9503+ | 0.9503+ | 0.9187% | 0.9685 + | 0.9600 +
0.0162 0.0271 0.0218 0.0500 0.0103 0.0182
Prec 0.9735+ | 0.9707%x | 0.9637% | 0.9697% | 0.9630 = | 0.9381 &+
0.0227 0.0178 0.0211 0.0201 0.0194 0.0231
(2): Proposed shearlet-based methods for
textured bio-medical image classification
ACC%| 97.24%=4 94.41%=+ | 96.66%+ | 94.99%=+ | 96.00%+ | 94.19% =+
oM 1.27% 1.48% 1.14% 1.43% 1.30% 2.19%
AUC | 0.9917+| 0.9819 + | 0.9925 + | 0.9828 + | 0.9863 + | 0.9828 +
0.0067 | 0.0126 0.0064 0.0116 0.0087 0.0091
Sen 0.97334 | 0.9419 £+ | 0.9672 £+ | 0.9503 &+ | 0.9636 + | 0.9418 +
0.0126 | 0.0258 0.0129 0.0134 0.0163 0.0294
Prec | 0.9807+| 0.9646 + | 0.9769 &+ | 0.9658 + | 0.9696 + | 0.9607 +
0.0150 | 0.0202 0.0130 0.0175 0.0116 0.0186
ACC%| 95.64%=+ | 95.57%=+ | 95.50%+ | 94.04%=+ | 95.71%+ | 93.90%+
LBP 1.32% 2.04% 1.06% 1.56% 1.39% 1.75%
AUC | 0.9890 £ | 0.9905 £ | 0.9871 £ | 0.9850 £ | 0.9876 £ | 0.9800 +
0.0073 0.0069 0.0076 0.0054 0.0088 0.0113
Sen 0.9624 £+ | 0.9479 £+ | 0.9661 + | 0.9394 &+ | 0.9600 & | 0.9406 +
0.0146 0.0261 0.0178 0.0221 0.0153 0.0239
Prec | 0.9653 £ | 0.9779 £ | 0.9594 £ | 0.9607 £ | 0.9687 £ | 0.9573 +
0.0203 0.0210 0.0133 0.0176 0.0206 0.0194

105

Continues on the next page



Table B.3: Classification performance on Epistroma dataset using shearlet-based descrip-

tors.
RP + Magnitude RP Magnitude
Method P SVM DTB SVM DTB SVM DTB
ACC%| 96.29%+ | 95.13%=+ | 95.50%=+ | 96.65%=+ | 95.35%+ | 93.10%+
LOSIB 1.47% 1.61% 1.32% 1.51% 1.85% 1.29%
AUC | 0.9900 + | 0.9870 + | 0.9868 + | 0.9911 + | 0.9892 + | 0.9825 +
0.0069 0.0074 0.0073 0.0065 0.0087 0.0103
Sen 0.9733 £ | 0.9454 + | 0.9721 + | 0.9624 + | 0.9758 + | 0.9503 +
0.0096 0.0245 0.0152 0.0218 0.0141 0.0276
Prec | 0.9656 + | 0.9729 + | 0.9541 4+ | 0.9816 + | 0.9487 + | 0.9362 +
0.0215 0.0179 0.0203 0.0132 0.0239 0.0194
ACC% | 95.71%=+ | 93.90%=+ | 95.28%+ | 91.57%+ | 94.33%+ | 92.01%+
SFTA 1.54% 1.81% 2.16% 1.91% 1.52% 2.07%
AUC | 0.9881 + | 0.9841 + | 0.9870 + | 0.9775 + | 0.9824 + | 0.9732 +
0.0064 0.0106 0.0068 0.0093 0.0080 0.0125
Sen 0.9661 + | 0.9297 + | 0.9624 + | 0.9006 + | 0.9636 + | 0.9455 +
0.0137 0.0282 0.0145 0.0265 0.0114 0.0221
Prec | 0.9628 4+ | 0.9676 + | 0.9593 + | 0.9572 + | 0.9438 + | 0.9232 +
0.0169 0.0184 0.0233 0.0266 0.024 0.0178
(3): Integrating shearlet-based existing techniques
with our proposed methods
ACC%| 96.59%= | 95.93%+ | 96.37%+ | 94.98%+ | 95.71%+ | 95.13%+
Fusion #1 1.24% 1.95% 1.14% 0.73% 1.25% 1.37%
AUC | 0.9889 + | 0.9910 + | 0.9889 + | 0.9838 + | 0.9877 + | 0.9841 +
0.0111 0.0070 0.0103 0.0131 0.0104 0.0104
Sen 0.9612 + | 0.9624 + | 0.9612 + | 0.9406 + | 0.9563 + | 0.9503 +
0.0126 0.0224 0.0179 0.0194 0.0155 0.0201
Prec | 0.9816 4+ | 0.9696 + | 0.9780 + | 0.9752 + | 0.9721 + | 0.9682 +
0.0140 0.0175 0.0135 0.0139 0.0185 0.0172
ACC%| 97.09%=+ | 94.98%+ | 96.37%+ | 95.86%+ | 96.73%+ | 95.28%+
Fusion 42 1.49% 1.56% 1.45% 2.11% 1.33% 1.54%
AUC | 0.9910 + | 0.9829 + | 0.9908 + | 0.9884 + | 0.9892 + | 0.9872 +
0.0099 0.0111 0.0092 0.0113 0.0097 0.0106
Sen 0.9660 + | 0.9382 + | 0.9600 + | 0.9527 + | 0.9685 + | 0.9612 +
0.0205 0.0211 0.0182 0.0271 0.0192 0.0124
Prec | 0.9853 + | 0.9778 + | 0.9791 + | 0.9779 + | 0.9771 + | 0.9607 +
0.0111 0.0213 0.0128 0.0201 0.0158 0.0250
ACC%| 97.46%=+ 96.22%+ | - - - -
: 1.24% 1.60%
Fusion #3 56 10.9925% | 0.0920 £ | - - - -
0.0093 | 0.0047
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Table B.3: Classification performance on Epistroma dataset using shearlet-based descrip-

tors.
RP + Magnitude RP Magnitude
Method P SVM DTB SVM DTB SVM DTB
Sen 0.97694 | 0.9551 £ | - - - -
0.0156 | 0.0229
Prec 0.98094 | 0.9814 + | - - - -
0.0165 | 0.0103

Table B.4: Classification performance on Warwick-QU dataset using shearlet-based de-
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scriptors.
RP + Magnitude RP Magnitude
Method P SVM \ DTB SVM \ DTB SVM \ DTB
(1): Baseline performance of
existing shearlet-based methods
ACC%| 93.35%1 86.14%+ | 92.13%+ | 85.55%+ | 73.31%+ | 73.97%+
Vo ot al 5.23% 6.10% 8.53% 6.83% 11.27% 12.26%
" AUC ] 0.9802+ | 0.9362 &+ | 0.9829 + | 0.9338 + | 0.8157 + | 0.8163 +
0.0351 0.0347 0.0345 0.0437 0.0998 0.1047
Sen 0.89294 | 0.8804 + | 0.8661 + | 0.8018 + | 0.6750 + | 0.6625 +
0.1349 | 0.1107 0.1661 0.1201 0.1976 0.1872
Prec 0.96394 | 0.8294 + | 0.9579 £+ | 0.8696 + | 0.7256 + | 0.7324 +
0.0583 | 0.0786 0.0690 0.0766 0.1569 0.1391
Meshkini ACC% | 82.54%+| 87.90%+| 86.14%+| 84.23%+| 81.95%+ | 84.38%+
and 8.52% 6.25% 7.25% 9.54% 8.73% 8.86%
Chassemian 0.9462+ | 0.9331+ | 0.9293+ | 0.8800+ | 0.9013 + | 0.9329 +
0.0326 0.0592 0.0512 0.0676 0.0455 0.0546
Sen 0.72144 | 0.78214 | 0.7589+ | 0.7286+ | 0.7196 £+ | 0.8196 £+
0.1475 0.1380 0.1892 0.1828 0.1409 0.1896
Prec 0.8707x | 0.9389+ | 0.9324+ | 0.8973+ | 0.8574 + | 0.8519 &+
0.0937 0.0811 0.0921 0.1164 0.1125 0.1161
ACC%| 63.60%+| 75.85%+| 55.15%+| 67.76%+| 58.79%+ | 72.21%+
Zhou et 7.56% 8.72% 8.52% 10.21% | 6.61% 9.57%
al. AUC | 0.6752+ | 0.8544+ | 0.5771£ | 0.6769+ | 0.6006 £ | 0.7699 +
0.1375 0.1017 0.1091 0.1280 0.1252 0.1103
Sen 045714 | 0.5964+ | 0.4054+ | 0.4804=+ | 0.3375 £+ | 0.5821 £+
0.1358 0.1550 0.1296 0.1944 0.1814 0.1092
Prec 0.64424 | 0.8349+ | 0.5157% | 0.6812+ | 0.5764 £ | 0.7665 £
0.1660 0.1336 0.1430 0.1553 0.1998 0.1601
ACC%| 91.58%+| 86.07%+| 79.96%+| 83.57%+| 83.13%+ | 75.74%+
Dong et 6.33% 11.08% | 6.46% 12.54% | 5.94% 5.06%
al. Continues on the next page



Table B.4: Classification performance on Warwick-QU dataset using shearlet-based de-

scriptors.
RP + Magnitude RP Magnitude
Method P SVM DTB SVM DTB SVM DTB
AUC | 0.9777£ | 0.9345+ | 0.9234+ | 0.9297+ | 0.9342 £ | 0.8575 +
0.0372 0.0743 0.0547 0.0829 0.0507 0.0826
Sen 0.9589+ | 0.8125+ | 0.8089+ | 0.75536+ | 0.8143 + | 0.6625 +
0.0663 0.1831 0.1007 0.2074 0.1381 0.1112
Prec 0.8844+ | 0.8661% | 0.7673 £+ | 0.8843+ | 0.8252 + | 0.7731 &+
0.1172 0.1076 0.0976 0.1575 0.0942 0.0968
(2): Proposed shearlet-based methods for
textured bio-medical image classification
ACC%| 95.70%4 86.76%=+ | 92.61%+ | 84.82%=+ | 85.40%+ | 78.20%=+
OM 7.80% 5.35% 8.25% 8.92% 6.56% 13.74%
AUC | 0.9860+ | 0.9427 + | 0.9709 + | 0.9372 + | 0.9440 + | 0.8992 +
0.0353 | 0.0347 0.0457 0.0451 0.0462 0.0653
Sen 0.94464 | 0.8679 £+ | 0.9304 £+ | 0.7946 + | 0.7946 + | 0.7214 +
0.0983 | 0.1226 0.0736 0.1404 0.0782 0.2090
Prec | 0.9589+ | 0.8483 4+ | 0.9181 4+ | 0.8691 &+ | 0.8708 &+ | 0.7756 +
0.0945 | 0.0682 0.1222 0.1277 0.1060 0.1485
ACC% | 88.49%+ | 86.69%+ | 84.12%+ | 80.00%+ | 89.71%+ | 82.43%+
LBP 5.25% 7.24% 7.49% 11.99% 9.45% 8.30%
AUC | 0.9592 £ | 0.9418 £ | 0.9500 £ | 0.8944 £ | 0.9419 £ | 0.9248 £
0.0544 0.0416 0.0670 0.0836 0.0538 0.0388
Sen 0.8821 + | 0.7982 &+ | 0.8518 &+ | 0.7625 &+ | 0.8946 &+ | 0.7304 +
0.1152 0.1223 0.1021 0.1762 0.1305 0.1685
Prec | 0.8770 £ | 0.9000 £ | 0.8292 £ | 0.7921 £ | 0.8825 £ | 0.8649 +
0.0955 0.0905 0.1426 0.1434 0.1080 0.1017
ACC%| 92.57%+ | 87.21%=+ | 89.52%+ | 87.43%+ | 79.34%+ | 76.80%+
LOSIB 9.24% 5.39% 7.85% 10.53% 5.33% 10.66%
AUC | 0.9798 £+ | 0.9346 £+ | 0.9671 £ | 0.9344 £ | 0.9153 £ | 0.8679 +
0.0395 0.0432 0.0554 0.0570 0.0601 0.0907
Sen 0.9446 + | 0.7964 + | 0.8464 = | 0.8411 &+ | 0.7732 + | 0.7125 &+
0.0983 0.1155 0.1258 0.1442 0.1465 0.1685
Prec | 0.9042 £ | 0.9177 £ | 0.9264 £+ | 0.8792 £+ | 0.7983 £ | 0.7579 +
0.1255 0.0902 0.1119 0.1265 0.1328 0.1123
ACC%| 94.52%+ | 87.76%=+ | 92.68%+ | 84.23%+ | 85.99%+ | 82.39%+
SFTA 7.47% 5.95% 7.06% 10.17% 7.09% 6.18%
AUC | 0.9846 + | 0.9353 £ | 0.9739 £ | 0.9192 £+ | 0.9515 £ | 0.9119 +
0.0350 0.0469 0.0416 0.0937 0.0410 0.0692
Sen 0.9196 + | 0.8196 + | 0.9179 &+ | 0.7821 &+ | 0.7946 &+ | 0.8286 +
0.0968 0.1576 0.0710 0.1301 0.0979 0.1203
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Table B.4: Classification performance on Warwick-QU dataset using shearlet-based de-

scriptors.
RP + Magnitude RP Magnitude
Method P SVM DTB SVM DTB SVM DTB
Prec | 0.9589 4+ | 0.9107 4+ | 0.9246 + | 0.8767 + | 0.8798 + | 0.8186 +
0.0945 0.0869 0.1059 0.1447 0.0881 0.1372
(3): Integrating shearlet-based existing techniques
with our proposed methods
ACC%| 95.11%+ | 88.42%+ | 92.65%+ | 92.06%+ | 87.83%+ | 79.45%+
Fusion #1 7.67% 7.84% 8.26% 7.23% 5.07% 10.88%
AUC | 0.9860 + | 0.9527 + | 0.9721 + | 0.9645 + | 0.9651 + | 0.8867 +
0.0353 0.0475 0.0511 0.0603 0.0302 0.0704
Sen 0.9321 + | 0.8750 + | 0.9321 + | 0.9196 + | 0.8661 + | 0.7429 +
0.0985 0.0807 0.0718 0.0968 0.0597 0.1543
Prec 0.9589 + | 0.8833 + | 0.9181 £+ | 0.9125 + | 0.8724 £+ | 0.8111 +
0.0945 0.1277 0.1222 0.1006 0.0991 0.1621
ACC%| 96.29%=+ 90.99%+ | 92.02%+ | 90.81%=+ | 87.79%+ | 79.26%+
Fusion 42 7.89% 7.13% 7.86% 8.42% 5.90% 8.62%
AUC | 0.9860+ | 0.9580 + | 0.9734 + | 0.9696 + | 0.9601 + | 0.8843 +
0.0353 | 0.0446 0.0525 0.0369 0.0322 0.0919
Sen 0.95714 | 0.9232 + | 0.9304 + | 0.9446 + | 0.8786 + | 0.7411 +
0.0964 | 0.0887 0.0736 0.0983 0.0436 0.1399
Prec | 0.95894 | 0.8913 £+ | 0.9069 £+ | 0.8783 &+ | 0.8682 + | 0.7994 +
0.0945 0.1026 0.1189 0.1274 0.1247 0.1370
ACC% | 94.49%+ | 85.48%+ | - - - -
: 7.47% 9.86%
Fusion #3 356 10.9860 = | 0.0523 £ | - - - -
0.0353 0.0570
Sen 0.9304 + | 0.8161 £ | - - - -
0.0998 0.1473
Prec | 0.9478 + | 0.8718 + | - - - -
0.0957 0.1454
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