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Abstract

Lung cancer corresponds to 26% of all deaths due to cancer in 2017, accounting for more
than 1.5 million deaths globally. Considering this challenging situation, several computer-
aided diagnosis(CAD) systems have been developed to detect lung cancer at early stages,
which increases the patients’ survival rate. Motivated by the success of deep learning in
natural and medical image classification tasks, the main objective of this work is to explore
the performance of deep transfer learning from non-medical images on the lung nodules
malignancy classification task. More specifically, this task is represented in this work by
a binary classification problem using the Lung Image Database Consortium and Image
Database Resource Initiative (LIDC/IDRI) dataset. To accomplish that, the methodology
applied in this work is divided into 4 stages. First, the LIDC/IDRI has its 1018 chest
Computed Tomography (CT) exams and medical annotations processed. Then, several
Convolutional Neural Networks (CNN), such as VGG16, VGG19, MobileNet, Xception,
InceptionV3, ResNet50, Inception-ResNet-V2, DenseNet169, DenseNet201, NASNetMobile
and NASNetLarge models, are built, trained on ImageNet dataset, converted into feature
extractors and applied on the LIDC/IDRI nodule images. Second, each set of deep features
is submitted to 10-Fold Cross Validations with Naive Bayes, Multilayer Perceptron (MLP),
Support Vector Machine (SVM), K-Nearest Neighbors (KNN) and Random Forest (RF)
classifiers. Third, each Cross Validation average result has its evaluation metrics Accuracy
(ACC), Area Under the Curve (AUC), True Positive Rate (TPR), Precision (PPV),
and F1-Score computed and compared. Thus, according to the results,the Deep Feature
Extractor based on ResNet50 model combined with a SVM classifier (using a Radial Basis
Function (RBF) kernel), achieve an AUC metric of 93.19% (the highest value not only
among the evaluated combinations, but also among the related works evaluated), a TPR
of 85.38%, an ACC of 88.41%, a PPV of 73.48% and a F1-Score of 78.83%. Based on these
results, deep transfer learning from non-medical images proves to be a relevant strategy
to extract representative features for lung nodule malignancy classification in chest CT
images. Overall, the combination of ResNet50 and SVM-RBF achieve satisfactory results
and is eligible to be integrated into a CAD system.

Keywords: Lung Nodule Malignancy Classification, Convolutional Neural Networks,

Transfer Learning, Computer-Aided Diagnoses, Computed Tomography.
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1 Introduction

The integration between computation and medicine research fields enables the
development of tools to aid the diagnosis of diseases and to monitor their treatments.
Among these tools, the ones that process medical images using Computer Vision systems
stand out (SILVA, 2004; LI; LIU; FOX, 2005; FELIX, CORTEZ; HOLANDA, 2010;
REBOUCAS FILHO, 2013).

The use of medical images is widely disseminated for the acquisition and represen-
tation of information about the human body. Further, Computed Tomography (CT) is
one of the most used techniques to acquire these images (HERMAN, 2009; REBOUCAS
FILHO, 2013).

Computed Tomography consists in constructing a model of the body under analysis,
through a mapping of the radioactive attenuation coefficient that transcends it. Developed
by Godfrey Hounsfield (1973), the tomography is the equipment that makes the CT images
acquisition. Such a machine computes images in cross sections, performing, on them,
extremely complex mathematical operations, thus generating exams with great accuracy
and in a timely manner to medical applications (KALENDER, 2006; REBOUCAS FILHO,
2010).

Computer Vision systems are commonly based on Digital Image Processing and
Machine Learning algorithms (REBOUCAS FILHO, 2013). Moreover, these systems are
applied to the detection, recognition, and classification of objects, shapes, and scenes
(GONZALEZ; WOODS, 2010). More specifically, Computer Vision systems are represented
by five consecutive steps: acquisition, preprocessing, segmentation, attribute extraction,
and interpretation (GONZALEZ; WOODS, 2010; REBOUCAS FILHO, 2013).

The first step, the acquisition, is defined as the process of capturing the image
that you want to analyze. (GONZALEZ; WOODS, 2010). The main purpose of the
preprocessing stage is to perform enhancement, noise attenuation or image restoration
operations, generally applying Digital Image Processing techniques (ALEXANDRIA, 2005;
GONZALEZ; WOODS, 2010). The segmentation stage consists of dividing the image into
regions of interest (REBOUCAS FILHO, 2010). Next, the feature extraction stage aims to
identify a set of information describing each segmented object in the previous step (NIXON,
AGUADO, 2012). Finally, the interpretation step consists in assigning meaning to a set
of recognized objects by analyzing their previously extracted characteristics (SONKA;
HLAVAC; BOYLE, 2008). In the context of Artificial Intelligence this stage is known as

classification.

This dissertation, in turn, focuses on the feature extraction and classification steps
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of a Computer Vision system that aims to aid in the diagnosis of malignancy of pulmonary

nodules in CT images.

These stages are essential in a Computer Vision system that aims at assigning

diagnosis of pulmonary nodules.

The classification accuracy is a critical factor for medical applications. Because,
assigning a malignant nodule as a non-malignant one or vice versa could, not only the
reduce the reliability (and consequently the adoption) of such system, but also compromise

the specialist physician analysis.

In this sense, to perform lung nodule malignancy classification task, several fea-
ture extractors and machine learning techniques are implemented and analyzed in this

dissertation.

1.1 Motivation

Although lung cancer mortality rate reduced 17% (from 2002 to 2014) among
females and 43% (from 1990 to 2014) among males (SIEGEL; MILLER; JEMAL, 2017),
lung cancer still accounts for 1.59 million deaths worldwide (HUSSEIN et al., 2017),
corresponding to 26% of all deaths due to cancer in 2017 (SIEGEL; MILLER; JEMAL,
2017). Also, since more than 50% of lung cancer patients are diagnosed at a distant stage,
for which the five-year survival rate is only 4% (HUSSEIN et al., 2017), lung cancer is
considered an aggressive disease (SHEN et al., 2017).

However, to address this high mortality rate, pulmonologist and radiologists started
to use chest CT images to diagnose lung cancers at an earlier stage (SIEGEL; MILLER;
JEMAL, 2017). The use of these images have proved to be a valuable source of information,
reducing lung cancer mortality by up to 20% in a high-risk group (MARCUS et al., 2016;
SIEGEL; MILLER; JEMAL, 2017).

Moreover, most of modern lung Computer-Aided Diagnosis (CAD) systems are
based on Computer Vision systems and are used to perform an automatic assessment of
pulmonary nodules in chest CT images, and consequently, support medical decision-making.
The ultimate goal of such lung CAD systems is to automatically discriminate between

malignant and non-malignant nodules (SHEN et al., 2015).

In order to achieve this, such systems need to extract representative imaging
biomarkers at a macroscopic level in chest CT images to perform a proper classification.
The rising quantity and quality of public-available datasets made it possible for data-driven
methods, e.g., Convolutional Neural Network (CNN), learn how to extract representative
features from raw data (LECUN et al., 1990).

However, to perform proper training on CNNs deep models a large amount of
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data is necessary, but this remains a challenge in the medical domain (SHIN et al., 2016;
CHRISTODOULIDIS et al., 2017). To overcome this, a strategy called transfer learning
suggests that features learned to solve a specific task can be useful for tasks from other
related domains (PAN; YANG, 2010; SHIE et al., 2015; N&PPI et al., 2016).

Finally, motivated by the success of deep transfer learning in computer-aided
diagnosis systems (SHIE et al., 2015; HUYNH; LI; GIGER, 2016; HWANG et al., 2016;
NaPPI et al., 2016; SHIN et al., 2016; CHRISTODOULIDIS et al., 2017; ESTEVA et al.,
2017; HUSSEIN et al., 2017; LITJENS et al., 2017), this work addresses the challenge of

lung nodules malignancy classification in chest CT images using deep features.

1.2 Related Works

In order to extract representative imaging biomarkers at a macroscopic level in
chest CT images, several methods have been proposed. Overall, these extractors can be

divided into two categories: hand-crafted, and data-driven.

Several studies investigating a wide variety of hand-crafted features extractors for

lung nodule classification have been carried out. Among the explored extractors are:

e Local Binary Pattern (LBP) (HAN et al., 2015; SHEN et al., 2015; SHEN et al.,
2017; WEI et al., 2018),

e Gabor (HAN et al., 2015; WEI et al., 2018),

e Histogram of Oriented Gradients (HOG) (SHEN et al., 2015; SHEN et al., 2017;
DHARA et al., 2016),

e Gray-Level Co-occurrence Matrix (GLCM) (HAN et al., 2015; DHARA et al.,
2016; WEI et al., 2017; WEI et al., 2018; SERGEEVA et al., 2016),

e Structural co-occurrence matrix (SCM) (RODRIGUES et al., 2018) and many

others.

Besides, Aerts et al. (2014) approach combines hand-crafted with morphologic
features. More specifically, in Shen et al. (2017) implementation of this method, they
compute first-order statistics, shape and size features, textural features, and wavelet
features, which account for 319 features, and then, select the top 54 features using mRMR

score (PENG; LONG; DING, 2005). These features are then used to train an SVM classifier.

However, with the advent of deep learning, there has been a rapid rise in the use of
data-driven methods for medical images processing. For example, Shen et al. (2015) train a
CNN with 3D patches of the LIDC/IDRI nodules images. These patches are generated by
cropping Volumes Of Interest (VOIs) of a given nodule with three different resolutions, and
then, reshaping each one to 32x32x32 pixels. After that, this trained CNN is transformed

into a feature extractor and applied on all patches. Next, the features extracted from a
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given nodule are concatenated, composing a new dataset. Finally, they train an SVM and

a Random Forest classifier on this dataset.

Later, Shen et al. (2017) present the Multi-Scale Convolutional Neural Networks,
(MCNN), which can be roughly described as a 6-layer CNN where the max-pooling layers
are replaced by the proposed multi-crop layers. This multi-crop layer performs a depthwise
concatenation of 3 max-pooling operations applied on concentric crops of the input feature
maps. Inspired by the performance of dual path network (DPN) on ImageNet (DENG et
al., 2009; SHEN et al., 2017; ZHU et al., 2017) proposed an approach based on a gradient
boosting machine (GBM) with 3D DPN.

Moreover, Hussein et al. (2017) uses malignancy, calcification, sphericity, margin,
lobulation, spiculation and texture medical annotations as labels to fine-tune 3D CNNs
pre-trained on Sports-1M dataset (KARPATHY et al., 2014).

1.3 Objectives

The primary goal of this work is to explore deep learning models as feature
extractors to tackle the challenging problem of lung nodule malignancy classification in

chest CT images.

1.3.1 Secondary Objectives

More specifically, the following procedures are performed in this work:

e Process the exams and medical annotations from the Lung Image Database
Consortium image collection (LIDC-IDRI)(ARMATO et al., 2011) to compose a
set of lung nodules images and their respective malignancy information.

e Extract deep features from target dataset, using 11 different CNNs models pre-
trained on ImageNet Large Scale Visual Recognition Challenge (ILSVRC) dataset
(KRIZHEVSKY; SUTSKEVER; HINTON, 2012) such as: VGG16 (SIMONYAN;
ZISSERMAN, 2014), VGG19 (SIMONYAN; ZISSERMAN, 2014), MobileNet
(HOWARD et al., 2017), Xception (CHOLLET, 2017), InceptionV3 (SZEGEDY
et al., 2016), ResNet50 (HE et al., 2016), Inception-ResNet-V2 (SZEGEDY et al.,
2017), DenseNet169, DenseNet201 (HUANG et al., 2017) and NASNetMobile
and NASNetLarge (ZOPH et al., 2017).

e Apply 5 classification methods, such as: Naive Bayes (THEODORIDIS; KOUTROUM-
BAS, 2008), Multilayer Perceptron (MLP) (HAYKIN, 2008), Support Vector
Machine (SVM) (VAPNIK, 1998), Nearest Neighbours (KNN) (COVER; HART,
1967) and Random Forest (RF) (LIAW; WIENER et al., 2002), for each extracted

features set.
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1.4

e Compare the results among themselves and with related works through 5 evalu-

ation metrics: Accuracy (ACC), Area Under the Curve (AUC), True Positive
Rate (TPR), Precision (PPV) and F1-Score.

Contributions

The main contributions of this dissertation are:

e a detailed methodology for processing the exams and medical annotations from

the LIDC/IDRI database;

the exploration of several CNN architectures as feature extractors (based on the
Transfer of Learning concept);

the results of the experiments performed in this work were submitted to an
extensive statistical analysis, thus serving as baseline results for future works;
the proposition of an effective approach for lung nodule malignancy classification

in chest Computed Tomography images.

1.5 Publications

During this masters project, the following scientific papers were accepted and

published, namely:

1.6

e (IEEE CBMS 2018) - Lung Nodule Classification via Deep Transfer Learning in

CT Lung Images - 1° Author - Qualis B1 (CC);

(IEEE Access 2018) - Health of Things Algorithms for Malignancy Level Classi-
fication of Lung Nodules - 2° Author - Qualis A2 (Eng. IV);

(IJCNN 2018) - Localization of Mobile Robots with Topological Maps and
Classification with Reject Option using Convolutional Neural Networks in Om-
nidirectional Images - 2° Author - Qualis A1 (CC);

(IEEE CBMS 2017) - Segmentation and Visualization of the Lungs in Three
Dimensions Using 3D Region Growing and Visualization Toolkit in CT Exami-
nations of the Chest - 1° Author - Qualis B1 (CC);

(ISDA 2017) - Lung Segmentation in Chest Computerized Tomography Images
Using the Border Following Algorithm - 3° Author - Qualis B1 (CC).

Outline

In addition to this introductory chapter, which contains the motivation (Section

1.1), related works (Section 1.2), objectives (Section 1.3), contributions (Section 1.4)

and scientific production (Section 1.5), this dissertation has another 5 chapters. Chapter
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2 presents machine learning methods consolidated in the literature, which are used to
evaluate the proposed approach. Chapter 3 brings the main architectures of Convolutional
Neural Networks and their fundamental concepts. Chapter 4 outlines the methodology used
in this research, explaining the steps of processing the database (Section 4.1), elaborating
the proposed approach (Section 4.2) and its respective evaluation (Section 4.3). Chapter 5
compares the obtained results between themselves and with related works. Finally, Chapter

6 contains the study conclusions and proposals for future works.
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2 Classical Machine Learning Techniques

In this chapter, the supervised classifiers used in this dissertation are presented,
Naive Bayes (Section 2.1), K-Nearest Neighbors (Section 2.2), Random Forest (Section
2.3), Support Vector Machine (Section 2.4), and Multi-layer Perceptron (Section 2.5) .

2.1 Naive Bayes Classifier

In machine learning, there are a set of simple probabilistic classifiers known as Naive
Bayes. Based on Bayes’ theorem, these classifiers assume class-conditional independence
among features. In simple terms, a Naive Bayes classifier presumes that, for a given class,
the probability of presence (or absence) of a given feature is unrelated to the presence
of any other feature (THEODORIDIS; KOUTROUMBAS, 2008). More formally, Bayes’

theorem states the following relationship:

P(c) - P(xy, ..., xk|c)

P(clzy,...,xy) = P nt)

(2.1)

where ¢ is the class variable, P(c) can be interpreted as the relative frequency of class in

the training set (Prior probability) and k& is the number of feature vector elements.

Further, Based on the features independence premise it can be stated that:

P(z1,...;zx|c) = [] Plxilc). (2.2)

i=1

Hence, Bayes’ theorem can be rewired as:

P(e) - TIE, Plaide)

P(C’.Q:l,---uxk) = P([pl «rk)

(2.3)
However, since P(fi, ..., fx) is constant for all possible classes, the previous equation
can be further simplified into the Maximum A Posterior (MAP) decision rule, which is

mathematically described as:

P(c|zy, ..., x) < P(c) - 1:[1 P(z;]c) (2.4)
c= argmax P(c) - H P(x4c). (2.5)
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This means that, for example, to correctly classify a nodule image, its necessary
to perform 3 steps. First, for each class, compute the product of the features occurrence
probability (likelihood, eq. 2.3) . Then, multiply these likelihoods by the relative frequency
(in the training set) of their respective class (prior). Finally, select the class with higher

posterior (eq. 2.5).

However, in this dissertation it is assumed that the likelihood or probability density
function of each feature (eq. 2.3) trends to a normal distribution distribution. This
assumption is inspired by the central limit theorem, which states that the probability
density function of the normalized sum of random independent variables approaches the
Gaussian function (THEODORIDIS; KOUTROUMBAS, 2008). Thus, the likelihood of

each feature in a Gaussian Naive Bayes classifier can formally described as:

Plaile) = —— .exp<—W> (2.6)

\/2mo? 207

where, z; is a given feature, u. and o. represent the mean and standard deviation of a

given class and are computed from the instances in training set.

2.2 k-Nearest Neighbor (kNN)

The k-Nearest Neighbors (KNN) is a supervised machine learning method based
on a non-parametric and instance-based learning algorithm. (DUDA; HART; STORK,
2012). By making no explicit assumptions about the data probability density function,
KNN prevents, at the same time, the process of learning this distribution and the potential

dangers of mismodeling it.

However, it is worth noting that, such minimal training/learning comes with
considerable costs regarding memory demand and computing time. Memory demand is a
critical factor because this classifier has to store a potentially high number of instances
(samples with its features and labels). Also, as the whole dataset is required to predict the

class of a given observation, computing time is also a critical factor for KNN algorithm.

The KNN inference process can be roughly described as majority voting process
among the K training samples closest to the unseen instance, where the vote of a given
training sample is its on label/class and close means lower value on a given dissimilarity
metric, e.g. Euclidean, Mahalanobis, Minkowsky, Hamming distances. Euclidean distance,

for example, is one of the most popular dissimilarity metrics and can be formulated as:

d(X,X") = \/(xl —27)? + (22 — 25)2 + .+ (2, — 2)? (2.7)

where X and X! are two arbitrary points/instances in a p dimensional space and d is a

dissimilarity metric function.
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Formally, given that, X is an unseen observation, and K € N*, the KNN classifica-

tion algorithm can be divided into three stages.

In the First, KNN computes the distance between X an each training sample (the

K training samples with lowest values of distance belong a set A).

In the Second, for each possible class, the conditional probability is estimated.
Specifically, the probability of an unseen observation X been from class ¢, is given by the
rate of samples from the subset A (with K elements) that have a label equals to ¢. This

estimation process can be mathematically described as:

P(e) = 3 T (0 28)

€A

Where, ¢ is a given class of the problem, y; a given A sample label, A the K closest
training samples and [ is an indicator function that returns 1 when its inputs are equal

and 0 otherwise.

Finally, the unseen instance is labeled with the most likely class (highest value).

2.3 Support Vector Machines (SVM)

In order to fundamentally understand the Support Vector Machines (SVM) classifier,
it is important to grasp the concepts of Hyperplane Classifier, Maximal Margin Classifier
and Soft Margin Classifier.

First, suppose that each instance of a given problem can be represented as a point
X in a p dimensional space, where each dimension/axis of this space is associated with a

feature of that problem. This point can be formulated as:

X = (21,22, ..., Tp) (2.9)

Second, also suppose there is a p—1 dimensional hyperplane that perfectly separates
a set of instances of a given problem by their labels. Its mathematical definition is given

by the equation:

60 + 51061 + BQO&Q + ...+ ﬁpOép =0. (210)
where 3 are the hyperplane coefficients, o, ..., o, € Po and Fp is given a point crossed by
the hyperplane.

So, according to the relative position of a given point X to a given hyperplane, it

is possible to define an indicator function that uses such hyperplane as threashold. This
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decision rule is given by:

+1, if By + Bixr + Boxo + ... + Bpxp > 0
y = (2.11)

=1, if By + Biwy + Bawy + ... + By, <0

where the points on the positive side of the hyperplane are associated with a

positive label (y=+1), and the opposite is also valid.

Then, the Hyperplane Classifier uses equation 2.11 as an estimation process, where
the points are unseen samples, and their relative position to the hyperplane defines from

which class they belong.

However, if a set of samples are linearly separable (perfectly separated using
a hyperplane), an infinite number of such hyperplanes can exist. To select the best

hyperplanes among those a method called Maximal Margin Classifier was proposed.

The main intuition behind the Maximal Margin Classifier is that the maximal
margin hyperplane, which is farthest one from all training observations, is the optimal
decision. Where ‘farthest’ stands for the highest sum up of the perpendicular distance
from all training samples to a given hyperplane. And, the smallest of these perpendicular

distances is known as the margin.

Therefore, find this best separating hyperplane can be formulated as a maximization

problem:

maximize M, (2.12)
1ye0p
yl<50+61x11++6pxlp) Z M,V’L: 1,,?7, (213)

Note that, M is the margin length, n is the number of training samples, X1, ..., X,, €
R, and class labels yy, ..., y, € {—1,+1}.

The resulting hyperplane of such optimization is known as the Maximal Margin
hyperplane. To build the Maximal Margin Classifier, this optimal hyperplane has to be
applied to the equation 2.11.

However, one of the main Maximal Margin Classifier disadvantages is its sensibility

to individual observations.

To overcome that, the Soft Margin Classifier, also known as support vector classifier,
adds a slack variable € for each observation in the training set. The goal of such variable is

to allow some samples to be incorrect classified if this increase the classifier’s margin.
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Therefore, the optimization process to find the best Soft Margin Classifier to

separate most of the training can be modeled as the following optimization problem:

maximize M, (2.14)

B1sesBpr€Lseesen
Yi(Bo + Przin + ... + Bpxip) = M(1 — €)), (2.15)
€>0,% ¢ <C, (2.16)

i=1

where C' is hyperparameter greater than zero.

One of the main limitations of the Support Vector Classifier is that its decision
boundary is always linear. To extend its concepts to nonlinear separable problems the
SVM is proposed. The main idea of the SVM classifier is to transform the input feature
space in a specific way that a linear decision boundary (in this new space) can correctly
separate the samples. As describe exactly how the support vector classifier is computed
is beyond the scope of this dissertation, it turns out that SVM’s decision rule can be

mathematically described as:

FX) = o+ iaimxT,X’), (2.17)

where « is an SVM coefficient learned during training and K is the target space transfor-

mation. For example, a linear kernel (transformation) can be expressed by:

p
K(X,X)=> X X, (2.18)
j=1

and the radial based transformation is defined as:

K(X,X') = exp(—y

p
Jj=

(X7, X2)?). (2.19)

1

2.4 Random Forest

Random forest, which was first proposed by Ho (1995), is an ensemble method that
combines the estimations performed by a set of Decision Trees (DTs) (BREIMAN, 2001).

In general, DTs are a non-parametric supervised type of machine learning algorithm
used for classification and regression tasks. In the classification context, their goal is estimate
the label of a given instance using decision rules (thresholds) learned from the training
data.
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However, as finding the optimal decision tree is known to be an NP-complete
problem (BREIMAN, 2001), practical TDs training algorithm produces a suboptimal
solution and can be conceptually associated with a greedy search, where local decisions
are made at each tree node. Another TDs drawback is their susceptibility to learn even

the noise in the training set (overfit).

To reduce the variance of DTs predictions, Random Forest uses an ensemble
approach called random Bagging. In this context, random Bagging is built and train
several estimators (e.g., DTs) on different random subsets of the training set and then

combine their outputs (e.g., compute the majority vote) to compose the final prediction.

More formally, It turns out that, each DT can be viewed as a weighted neighborhood
(LIN; JEON, 2006), and is expressed as:

Z (X5, X)) ys, (2.20)

where X is a unseen observation, ¢ its estimated label, X; is i'th training sample, y; its

respective label and W a weight function.

This weight function changes according to the classification method used, for

example, in Decision Trees context:

Jif X; € K

1
k , (2.21)
0 , otherwise

W(X;, X;) = {
where K are k points in the same leaf as X’. Note that, the only difference between this
weight function and the one computed for k-NN is that K is a set composed of the k
points closest to the unseen observation. Moreover, it is possible to extend the equation

2.21 to compose the Random Forest prediction one, which is given by:

n

- LSy W XDy, (2.22)

1
m j=1l=1

where m is the number of estimators (trees) used and W; their respective weight functions.

2.5 Multilayer Perceptron (MLP)

Multilayer Perceptron (MLP) (HAYKIN, 2008) is a non-parametric supervised
type of machine learning for classification. Moreover, this classifier is also an extension of

the Perceptron classifier for nonlinear separable datasets.

Introduced by ROSEMBLATT (1958), Perceptron algorithm computes a weighted

sum of the inputs and applies the result to an activation function. Abstractly, each weight
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indicates the relevance of a given feature to predict a given class. More formally, Perceptron

prediction can be expressed as the following equation:

p
9= (Z Tw; + b) , (2.23)
=1

where ¢ is an activation function (e.g., logistic/softmax), z is an input vector, p is the
number of features of a given input, w is the vector of weights, which combined with b,
are Perceptron learnable parameters. Further, the training process of such classifier is an

iterative process, given by:

wit+1) =wt)+n-(y—9t) -z Vi=1,...,p, (2.24)

in which ¢ is a given training time step, y is the true label, ¢ is the predicted label, and 7
is the learning rate. However, despite been a simple and powerful algorithm, Perceptron is

not able to perform nonlinear classification.

To overcome that, MLP was proposed. MLP is a computational graph composed
of a stack of perceptron layers. Each of these layers (except the last one), has their
logistic activation functions (used to build a linear classifier) replaced by another nonlinear
function, such as sigmoid function (used to perform a nonlinear transformation on the

feature space).

More formally, the decision rule of this classifier can be mathematically formulated

as:

N @o, (h_y @i - wo,, +bo,) if 1=0

S%(Zi'é U1, “wy, + by,) otherwise

where x is the input vector of p dimensions, [ is a given layer index, D is the number of
neurons in the layer [ — 1, and ¢ is the nonlinear function. It is worth noting that, in
general, MLP learnable parameters (weights and bias) are initialized with random values

close to zero.

Further, to improve its performance, MLP generally uses an iterative process

mathematically, expressed by the equation:

wl . = , '
) Wiy, (t) +n - 0141,(t) - 41, (t) otherwise

where 7 is the learning rate and 0y, (f) is the local gradient of the k'th neuron of the I'th
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layer. This local gradient is given by:

5. (o) = A0 3 S0 — 90 it 1= 2 .

o), [u, ()] - Z}Ll wy,, (t) - Oy, (t) otherwise
where z is the last layer, M is the number of neurons in the last layer(z) and J is the total

number of neurons in the [ + 1’th layer.

Note that, the derivative ¢}[u;, (t)] has different values depending on the activation

function chosen, for example:

SOE,C fu, (£)] = {ylk (O)[L =y, (t)], if logistic/sigmoid (2.28)

1= (i, (8))?], if hyperbolic tangent
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3 Convolutional Neural Network

In this chapter, a brief overview about the essential building blocks of modern

CNN architectures is presented.

3.1 Lenet-5

Inspired by Artificial Neural Networks (HAYKIN, 2008), Neocognitron (FUKUSHIMA;
MIYAKE, 1982) architectures, back-propagation (BENGIO; GOODFELLOW; COURVILLE,
2015) optimization strategy and shared-weights concept (also named local connectivity
(RUMELHART; HINTON; WILLIAMS, 1986); and motivated by the need to solve real
world image-recognition problems without a computationally expensive preprocessing
stage or even requiring complex and time consuming architecture engineering, LeCun et
al. (1998) developed a pioneering 7-level convolutional network to classify hand-written
numbers on checks images (LECUN et al., 1990). This architecture, presented in Figure 1,
was named as LeNet-5 and among its main contributions to deep learning research field

are: the introduction of convolutional and subsampling layers.

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

INPUT
6@28x28
32x32 S2: f. maps C5: layer .

6@14x14 120 Fo: layer QuTPuT

| FuIIconrllection ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

Figure 1 — Architecture of LeNet-5 Convolutional Neural Network (LECUN et al., 1998).

3.1.1 Convolutional Layers

Despite been considered a universal function approximator (HAYKIN, 2008), fully
connected layers, with enough discriminative power to solve (even simple) computer vision
tasks, usually, have an infeasible amount of free parameters to allow a proper generalization

of the knowledge.

To address this issue, convolutional layers use a restricted connection-scheme
between inputs and weights. More specifically, differing from the fully connected layer

strategy, in which, each neuron has a weighted connection with each input (e.g., each pixel),
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in a convolutional layer, each neuron only has weighted connections with a subregion of
the input (local receptive field) (LECUN et al., 1998).

Moreover, instead of performing an inner product between all inputs and weights
(which is possible in fully connected layers) in convolutional layers, as the name convolu-
tional suggests, each neuron perform an operation that is equivalent to a convolution (the
kernel to be applied over the image is composed of the neuron weights). Furthermore, as
in the fully connected layers, the output of the convolution is used to a squashing function

(e. g. logistic function, hyperbolic tangent) and named as activation map or even feature
map (LECUN et al., 1998).

3.1.2 Pooling Layers

As the classical convolutional layer does not reduce the input size, as the fully
connected one, an extra step may be required to downsample the convolution output,
preferably without adding any new parameters to the model. Moreover, another motivation
to use this downsampling stage is based on the assumption that features relative position

is more relevant than their explicit location.

To overcome this limitation, the Pooling Layer is introduced. A pooling layer
performs a summary of adjacent inputs based on an aggregation rule, e.g, the max pooling
operation outputs (BENGIO; GOODFELLOW; COURVILLE, 2015) the maximum input
value within a rectangular neighborhood. A graphic example of a max pooling layer

operation is presented in Figure 2.

12 120 | 30 | O

81121 2 | 0| 2x2MaxPool |20 30
34 | 70 | 37 | 4 112| 37

112 1100 | 25 | 12

Figure 2 — Illustration of a 2D Max pooling operation (KARPATHY; LI, 2017)

3.2 AlexNet

Despite of been developed in the late 80’s CNNs only become popular in 2012 when
Krizhevsky, Sutskever e Hinton (2012) propose a CNN model named AlexNet. This deep
model won, by a large margin, the Large-Scale Visual Recognition Challenge (ILSVRC)
(RUSSAKOVSKY et al., 2015) object detection task, an important benchmark to computer
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vision techniques (DENG et al., 2009; KRIZHEVSKY; SUTSKEVER; HINTON, 2012). It
worth noting that, the attention given to this ILSVRC competition is mostly due to its
dataset size and complexity. ImageNet, the name of this dataset, has 1000 categories and
more than 1.2 million images (DENG et al., 2009).

Thus, since AlexNet breakthrough all the subsequent ILSVRC winner used CNN-
based models. However, despite such enthusiasm, AlexNet model has a similar architecture
to its predecessor, LeNet-5 (LECUN et al., 1998) (basically composed of convolutional,

pooling and fully connected layers).

Further, among the most notable contributions of AlexNet paper to the research
field of CNNs are: Rectified Linear Unit (ReLU), and DropOut.

3.2.1 RelLU Nonlinearity

Based on previous studies (NAIR; HINTON, 2010; GLOROT; BORDES; BENGIO,
2011), ReLU function, which can be mathematically defined as g(z) = max(0, z), was
chosen as AlexNet neurons nonlinearity. A graphic representation of the ReLLU function
is presented in Figure 3. This choice was mostly motivated by Nair and Hinton (NAIR;
HINTON, 2010) experiments, which indicate that the use of ReLLUs significantly speed up
the training convergence process, when compared with other nonlinearities functions, such

as: Logistic or Hyperbolic tangent.

Figure 3 — The Rectified Linear Unit (ReLU) activation function (https://goo.gl/FLHUrZ)

3.2.2 Dropout

A common and successful strategy to deal with overfitting is combine the predictions
of different models (KRIZHEVSKY; SUTSKEVER; HINTON, 2012). However, this seems
unfeasible for large neural networks, since the training process of each model can take up

to several days.

To overcome this issue, an efficient regularization strategy called “dropout” (HIN-
TON et al., 2012) provides an approximation of ensembling an exponentially number of

models. Dropout, illustrated in Figure 4, can be roughly described as a technique where,
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for a given network input, the output each neuron has a probability of been set to zero,
usually 50%.

According to this idea, these “dropped out” (set to zero) neurons do not contribute
to the network forward pass and, consequently, do not have their weights updated during
the gradient back-propagation.

As a result of dropout, every input presented is processed by a different architecture.

Moreover, Hinton et al. (2012) argues that this uncertainty, reduces co-adaptations of

neurons and forces the network to learn a more robust set of features, acting as a powerful

regularization strategy for CNNs.

A A » 4 »
ISR AR AT
’\\r«%&ﬁﬁﬁf

X
""
N
9

Y SA DR
0409 ed

e
W,
'Or
(O
S

B
QA

L)

\/
A
A
5
788

L/

K
&
:’

()

X
/)

/

)
C

\

(b) Standard Neural Net

(a) Naive Inception Module

Figure 4 — The illustration in item (a) represents the conventional information flow during
a forward pass of a network and in the item (b) this flow is interrupted (set
to zero) at some neuron, this process is called dropout (SRIVASTAVA et al.,

2014).

3.3 VGG

Experiments performed in Oxford Visual Geometry Group (VGG) paper (SI-
MONYAN; ZISSERMAN, 2014), including the winner model of ILSVRC 2014 (RUS-
SAKOVSKY et al., 2015) detection and localization tasks, demonstrated that, for all
architectures evaluated (11, 13, 16, or 19 layers), there is a positive correlation between
the models depth (number of layers) increase and its accuracy on ImageNet Dataset. Such
deep increase, without overfitting the model, was only possible through a regularization

strategy named Factorized Convolutions.
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3.3.1 Factorized Convolutions

Inspired by the Zeiler e Fergus (2014) paper, which used smaller receptive window
(kernel/filter) size than AlexNet (e.g., in the first convolution layer (ZEILER; FERGUS,
2014) network used 7x7 kernels whereas AlexNet used 11x11 kernels), VGG network used

very small (3x3) kernels in all its convolution layers.

There are three important aspects to answer: why small kernels enabled VGG

network to overpower most of the previous models?

First, in a convolution, a given point in the activation map is only influenced by a
connected input subregion, e.g., a 3x3 convolution is influenced by a 3x3 window of the
input. Moreover, if a second 3x3 convolution is performed, but now over first activation
map, each point of the new activation map is influenced by a 3x3 window of the first
one. However, as each point of the first activation map is combining a 3x3 information
from the input, a 3x3 combination of these first activation points is influenced by a 5x5
information from the input. Thus, if this process is repeated once more, each output point
of three-layer 3x3 convolution stack is influenced by a 7x7 subregion of the input. In
other words, a three-layer 3x3 convolution stack has the same effective receptive field of a

single 7x7 convolution. An example of this equivalency process is illustrated in Figure 5.

Input First 3x3 layer Second 3x3 layer

Figure 5 — The effective receptive field of a stack of 2 3x3 convolutions (SIMONYAN;
ZISSERMAN;, 2014)

Second, a three-layer 3x3 convolution stack has fewer parameters than a single
7xT convolutional layer. Third, as each layer has its nonlinearity, a stack of conv. layers

have more discriminative power than just a single layer.

Therefore, the VGG Networks has become very popular not only because of their
good results in ILSVRC 2014 (RUSSAKOVSKY et al., 2015), but also for their uniform
architecture. However, accounting for 140 million parameters, VGG can be a bit challenging

for embedded systems.
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3.4 Inception

Since LeNet5, the building blocks of deep neural architectures has been the same
(convolutional layers, polling layers, and fully connected layers), however this change when
Google Brain team released the GoogleNet (SZEGEDY et al., 2015). Inception, how is
also called GoogleNet, set state-of-the-art results on the ILSVRC 2014 (RUSSAKOVSKY
et al., 2015) detection task, achieving a top-5 error rate of 6.67%.

Further, among the Inception models contributions to the deep learning research

field are Inception Module, Batch-Normalization, and Asymmetric Convolutions.

3.4.1 Inception Module

Design a CNN architecture usually consists of choosing which operations use (1x1
conv., 3x3 conv., 5x5 conv. or pooling) at each layer. So, why not perform all operation
at once, and then concatenate their outputs, taking advantage of multi-level feature

extraction? An illustration of this parallel architecture is shown in Figure (a).

Output Layer P  OQutput Layer

I 3x3 Conv. Layer  5x5 Conv. Layer 1x1 Conv. Layer

3x3 Max Pooling
3x3 Conv. Layer | | 5x5 Conv. Layer Layer

) ) A ' A ' A

W 21 Come Laver || 1 Comv. Layer || 1 Com. Laer k3 M::y:?olmg
Input Layer M /7

Input Layer

‘ 1x1 Conv. Layer

(a) Naive Inception Module (b) Optimized Inception Module

Figure 6 — Two Inception architecture illustrations. In item (a) the naive Inception Module;
In item (b) the Inception Module with dimensionality reduction.

The main disadvantage of this naive Inception Module (parallel approach previously
described) is that after a few layers like this the amount of parameter added to the network

would probably make it overfit during training.

However, to address this parameter inefficiency, Google Brain performed 1x1
convolution to compressed the inputs of the convolution layers and the output of the
pooling layers. An illustration of the Inception Module is presented in Figure 6 (b). This
simple adaptation preserved most of the parallel approach accuracy and significantly

reduced the amount of free parameter.
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3.4.2 Batch-normalization

One of the most challenging issues in deep networks optimization is the Internal
Covariate Shift (Ioffe; Szegedy, 2015), that is, roughly, a change in intermediate layers
inputs distribution at training time. This happens because the inputs of a given layer
are affected by all previous layers weights, which usually change over the optimization.
Moreover, as the layers weights need to adapt to a new input distribution at each weight

update a negative effect appears, the model’s convergence became slower.

To address this Internal Covariate Shift issue, loffe e Szegedy (2015) proposed
Batch-normalization (BN), a new mechanism that incorporates normalizing activations in

the architecture itself.

With only two extra parameters per activation, BN normalizes the outputs of the
inner product between weights (plus bias) and inputs of a given layer, based on their
mean and standard-deviation. The BN computations are mathematically described in
Figure 7. This is equivalent to “whitening” the data, making a zero-centered distribution
and normalizing its range throughout the batch. Moreover, among the benefits of BN
are: the layer after a BN focuses on how to best associate inputs; BN has a powerful

regularization effect and reduces the need for dropout.

Input: Values of r over a mini-batch: B = {=; . }:
Parameters to be leamed: ~, 3
Duq}Ut: {yi = BN_.er"l\.l}
— 1 i # mini-batch mean
i — Ti i
HE e P
2, 2 . :
— (x; — #f mini-batch variance
b e e
T+ w /f normalize
3y 052 + €
yi + vr; + 5 = BN, g(x;) / scale and shift

Figure 7 — Batch normalizing transform, applied to activation x over a mini-batch (Ioffe;
Szegedy, 2015).

3.4.3 Asymmetric Convolutions

Extending the concept of Factorized Convolutions, previously applied in VGG
paper (SIMONYAN; ZISSERMAN, 2014), and also base on the Flattened CNNs (JIN;
DUNDAR; CULURCIELLO, 2014), Google Brain team use Asymmetric Convolutions to
propose a new version of the Inception Modules. Aiming to improve the Inception Module

parameter efficiency, they realize that, rather than perform a nxn convolution it would
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be better to apply a nx1 convolution followed by a 1xn convolution, thus, factoring it
into two asymmetric convolutions. A generic architecture of an Inception Module with

asymmetric convolutions is presented in Figure 8.

Filter Concat

1x1 1x1 Pool 1x1

Base

Figure 8 — An architecture illustration of an Inception Module with asymmetric convolu-
tions (SZEGEDY et al., 2016).

3.5 ResNet

Despite VGG indications, pointing to a positive correlation between network depth
and accuracy, further experiments, performed in Residual Neural Network (ResNet) paper
(WU; ZHONG,; LIU, 2017), do not support this view, at least for classical CNNs (networks

only composed of convolutions, pooling, and fully-connected layers).

ResNet authors argue that very deep classical CNNs are harder to optimize,
mostly due to the vanishing-gradient problem (BENGIO; SIMARD; FRASCONI, 1994).
In practice, an 18-layer network has higher testing and training errors than a 34-layer

network, even if these 16 additional layers only performed an identity mapping.

To overcome this issue and inspired by the Recurrent Neural Networks “skip
connections” concept, ResNet authors introduced a novel deep neural network building
block, the Residual Block.
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3.5.1 Residual Block

In a Residual Block, the input flows for two branches, one connects the input to the
merging stage, the other performs a stack of convolutions layers (usually 2 ou 3) preserving
the input dimensions (e.g., if the input has C' channels, so C filter are applied), then sends
the results to the merging stage. Finally, both branches outputs are depthwise added up.
Note that, the second branch last convolution layer do not have nonlinearities after the
convolutions operations. These missing activation functions are applied to the merge stage
output, composing the Residual Block output. An illustration of a generic version of this

Residual Block is presented in Figure 9.

X
Y
weight layer
]—"(x) ! relu 2=
weight layer identity

Figure 9 — An example of a Residual block architecture (WU; ZHONG; LIU, 2017).

With this simple strategy ResNet set state-of-art results in object detection, local-
ization, and segmentation tasks on ILSVRC (RUSSAKOVSKY et al., 2015) and COCO
2015 (LIN et al., 2014), achieving a top-5 classification error rate of 3.57% (ILSVRC) and

surpassing even the human-level performance on ImageNet dataset.

3.6 Inception-ResNet

In 2016, less than a year latter than ResNet, the Google Brain team performed
architectures design experiments by combining the ideas of Residual Connections (WU;
ZHONG; LIU, 2017) with the Inception Module (SZEGEDY et al., 2015). Among these
experiments is Inception-ResNet-V2 model (LANGKVIST; KARLSSON; LOUTFI, 2014),
which achieved a top-1 classification error of 16.5% and a top-5 of 3.1%, thus surpassing,

ResNet and Inception results.

3.6.1 Inception Module with Residual connections

The only difference between a straightforward combination between an Inception

Module with Residual Connections is a scaling layer at the Inception module output.
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Apparently, without this scaling stage, the network starts, after a few thousands of
iterations, to outputs only zeros. The authors performed several experiments to deal with
that, but only scaling down, by a factor between 0.1 and 0.3, the inception output before
adding them to inputs stabilized the optimization procedure. The generic illustration of

the inception module with Residual Connections is presented in Figure 10.

Relu activation

+

Activation
Scaling

!

Inception

e

Relu activation

Figure 10 — An illustration of a general architecture layout when combing Residual Connec-
tions with Inception modules (LANGKVIST; KARLSSON; LOUTFI, 2014).

3.7 Xception

In 2016, Francois Chollet released the Extreme Inception (Xception) paper (CHOL-
LET, 2017), investigating the hypothesis that cross-channel correlations can be entirely
decoupled from spatial correlations. To accomplish this, the author proposes the Depth-
wise Separable Convolution layer. It is worth noting that, with 36 Depthwise Separable
Convolution layers structured into 14 modules (most of them with residual connections),
Xception architecture achieved good results on JET dataset (Hinton; Vinyals; Dean, 2015),
a 350-million-images database with 17,000 possible labels, surpassing the performance of

ResNet and Imagenet architectures.

3.7.1 Depthwise Separable Convolutions

The idea behind a 2D convolution layer is learned features directly from a 3D
space (width, height, and channels). Thus, a convolution maps cross-channel and spatial

correlations simultaneously.

Further, in an Inception Module, a convolution is factorized into a set of 1x1

convolutions, that are influenced specifically by cross-channel correlations, followed by
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regular convolutions (e.g., 3x3 or 5x5 convolutions), which maps both spatial correlations

and cross-channel.

However, in depth separable convolution, first a channel-wise convolution is per-
formed, which maps only spatial correlations; then a set of pointwise convolutions (a
10 of 1x1 convolution) is computed, mapping the cross-channel correlations; finally, all
convolutions outputs are depthwise concatenated. Hence, the spatial correlation is entirely

decoupled from cross-channel correlations.

Among the benefits of the Depthwise Separable Convolutions strategy over the
classic Inception Module are a reduction in the number of free parameters and more
efficient execution. Both of these characteristics are valuable for mobile or even embedded

applications.

3.8 MobileNet

In 2017, Google researchers designed and released a “mobile-first” architecture
called MobileNet (HOWARD et al., 2017). This 28-layer network is essentially (except
the first layer) build on depthwise separable convolutions, which were introduced by
(HOWARD et al., 2017) in 2016, and achieved, in its baseline configuration, 99.1% of the
Inception V3 (SZEGEDY et al., 2015) detection accuracy (on imageNet database) with

87.7% of fewer parameters and 88.6% fewer operations.

The MobileNet approach distinguishes from the Xception model for the introduction
of two hyper-parameters (Width Multiplier, Resolution Multiplier), which allow the model

to match, efficiently, mobile and embedded systems hardware constraints.

3.8.1 Width Multipliers

In order build a flexible and efficient architectures, MobileNets authors propose a
hyper-parameter «, also called ‘width multiplier’. In MobileNets paper, this a parameter
is a reduction factor in the number of channels-wise convolutions, in a depthwise separable
convolution layers. Moreover, a almost quadratically affects the model’s number of param-
eters and computational cost. Note that a € (0, 1], where 1 is the MobileNet’s baseline

configuration.

3.8.2 Resolution Multipliers

The second hyper-parameter proposed is the resolution multiplier p. In practice,
this p parameter adapts the network architecture to process different input resolution

(width and height). For example, if p equal 1, the network input will be a 224x224 image,
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if p equals 0.75, the input will be a 168168 image, and so on. Note that, as «, p € (0, 1]

(been p=1 the baseline) and p also has a quadratically effect over the computational cost.

Thus, width multiplier and resolution hyper-parameters offer useful a trade-off

between size, accuracy, and latency, when targeting a system with hardware limitations.

3.9 DenseNet

Dense Convolutional Network (DenseNet), proposed by Huang et al. (2017), ex-
tended the shorter connections concept, previously explored by (SZEGEDY et al., 2015),

composing what is called Dense Block.

3.9.1 Dense Blocks

There are two main differences between DenseNet and ResNet architectures. First,
rather than perform shorter connections between adjacent layers, DenseNet connects each
layer to every other layer with the same input resolution (width and height). This set of
interconnected layers are named Dense Block. An illustration of a Dense Block is presented
in Figure 11. Second, every DenseNet layer performs a depthwise concatenation of the

previous outputs instead of summing them.
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Figure 11 — Illustration of a general architecture layout when combing Residual Connec-
tions with Inception modules (HUANG et al., 2017).

Thus, as a result of this strategy, DenseNet slightly outperform ResNet accuracy
results on ImageNet detection task, requiring approximately 55% fewer parameters and

50% fewer operations than ResNet.
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3.10 NASNet

Based on the assumption that design accurate and efficient image classification
architectures often are complex architecture engineering process Neural Architecture Search
(NAS) (ZOPH; LE, 2016) paper explores the hypothesis that is possible to efficient learn
a model architecture directly from a dataset of interest. Inspired by NAS experiments,
Google Brain team proposed a novel paradigm of designing convolutional architectures,
NASNet search space.

3.10.1 NASNet search space

Such paradigm constrain the wide search space, of combining several building
blocks (e.g. identity, 1x3 then 3x1 conv., 1x7 then 7x1 conv., 5x5 max pooling, 1x1
conv., 3x3 conv., 3x3 depthwise-separable conv., etc.), to form a whole network, into a
smaller one, searching for only two module architecture (Normal Cell and Reduction Cell).
An illustration of the accurate (on ImageNet) modules found into the NASNet search
space is presented in Figure 12. These modules are alternated and repeated several times

to compose the final architecture.

Normal Cell Reduction Cell

Figure 12 — Illustration of a general architecture layout when combing Residual Connec-
tions with Inception modules (ZOPH; LE, 2016).

Moreover, to speed up this search process, NASNet relly on the assumption that is
possible to transfer a module learned on a small dataset, e.g., CIFAR-10, to a larger one,

such ImageNet.
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Thus, NASNet achieved state-of-the-art detection accuracy results on ImageNet
dataset, specifically, 82.7% on top-1 and 96.2% on top-5. Further, in its lite version, NASNet
matches the parameter efficiency of MobileNet, but is more accurate and faster. However,
it is worth noting that, despite using 500 Nvidia K40 GPUs, the fastest architecture search
took 4 days.
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4 Methodology

This chapter describes the experiments developed to evaluate the performance of

CNNs as feature extractors in the lung nodule malignancy classification task using chest
CT images from the LIDC/IDRI database.

The remainder of this chapter is organized into 3 sections: database processing,
explored approach implementation and its evaluation. Each of these is represented by a
sequence of steps in the flowchart in Figure 13, wherein yellow are the steps of the first

section, in blue those of the second and in green those of the third.

In the first section, the LIDC/IDRI database is filtered, extracted, and formatted.
In the second, 11 CNN architectures are built, trained and transformed into feature
extractors. In the third, each of the implemented extractors is applied to the LIDC/IDRI
database, thus generating 11 sets of features. Then each of these sets is classified by 6
machine learning techniques. Finally, 5 evaluation metrics are computed for each classifier

applied.

Extract nodules
centroids and labels
from LIDC/IDRI
annotations.

Apply the model on
nodules images and <« Build a CNN model.
build a new dataset.

Extract images from Train a classifier with Train it with a base
LIDC/IDRI exams. the new dataset. dataset.

Y

Preprocess images
and labels.

Compute metrics. Remove the top of it.

Figure 13 — In yellow the sequence of steps performed to process the LIDC/IDRI dataset.
The blue branch outlines the procedures to build a deep feature extractor.
The green branch is how the proposed approach is evaluated.
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4.1 Processing the LIDC/IDRI database

The database processing (used in this work to represent the lung nodule malignancy
classification task) can be divided into 2 stages: the processing of the exams and the

reduction of the problem.

The LIDC/IDRI database, used in this work to represent the lung nodule malignancy
classification task, is described in detail at Appendix A. The process of transforming this
database into a binary problem can be divided into 2 stages: the medical annotations

processing and the problem reduction.

4.1.1 Medical Annotations Processing

To perform the first stage, 5 steps are required. In the first, each of the 1018
LIDC/IDRI database exams, which is initially an unordered sequence of DICOM files,
has its images sorted (as indicated in the file header) and converted into a single three-
dimensional array. The elements of this matrix indicate the radiological density of the

chest CT exam in question.

Also, there is an XML file for each CT exam, containing the medical annotations
of 4 experienced radiologists. Among other information, each one of these physicians also
marked the external contour coordinates and malignancy level of each nodule detected.
Based on this information it is also possible to compute the centroid of the nodule in
question and its largest radius (the largest Euclidean distance between the centroid and a

contour point). Figure 14 shows the first step of the medical annotations processing.

However, it is common and even expected, to have nodules detected, segmented,
and categorized by more than one radiologist. In addition, allowing two or more samples
with a high degree of similarity to be at the same time in the training and test set reduces
the database representativeness and, consequently, the reliability of the classification

process.

In the second step, a strategy for merging these redundant annotations is proposed.
First, the Euclidean distances between the centroids of all the annotations of a given exam
are computed. Then, the centroids that have a distance smaller than 80% of their respective
radius have their annotations combined. This process of merging the annotations consists
of computing the midpoint between the centroids and the median of their malignancy

levels. This process of handling redundant annotations is illustrated in Figure 15.

In the third step, after ensuring that there is only one annotation per nodule, the
centroids are located in the three-dimensional matrix generated in the first step of this
section. Then, the 16 voxels surrounding the centroids are copied and stored in a list. This

process of extracting the volumes of interest is illustrated in Figure 16.
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Figure 14 — Illustration of the first step of medical annotation processing, where X, Y, Z
are the centroid coordinates; R the radius; and L the malignancy level of a
given nodule.
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Figure 15 — Illustration of the medical annotations processing second step, the treatment
of redundant annotations.
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Figure 16 — Illustration of the volumes of interest extraction process.

In the fourth step, each one of these volumes of interest is sub-sampled and

transformed into a 3-channel image. An illustration of this transformation is shown in
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Figure 17.

This process is necessary due to the restrictions imposed by the hypothesis explored
in this work. More specifically, to apply the concept of Transfer Learning, one must first
understand how the "knowledge" of an Artificial Intelligence is represented. In the context

of CNNs, this "knowledge" lies in the topology of architecture and its weights.

However, if Transfer Learning is the concept explored in this work, then the
architecture used (which in this case represents its knowledge) must be preserved and then

transferred. In practice, this implies that the network input can not change dimensions.

Thus, if the CNNs used in this work are trained with 3 channels images, the
database preprocessing must restrict the nodules representation to an image with only 3
channels. That is, the 3 most representative plans of the extracted nodules volumes have
to be selected. To meet these requirements, the sagittal, coronal and axial anatomical
planes, which divide each dimension by half, are extracted. This process of selecting the

planes is illustrated in Figure 17.

NODULE A

=

CORONAL SAGITTAL 16

Figure 17 — Converting a extracted volume of interest into a 3 channel image.

In the fifth and last step of this stage, the collection of nodules images is submitted to
a sequence of treatments: centralization, normalization, and formation. In the centralization,
each channel of each image has it average value computed and, later, subtracted from
its elements. In the Normalization, these channels are normalized by their respective
standard deviations. Finally, the images are resized in height and width to meet the input
resolutions specified by each architecture explored in this work. For example, the input
resolution of InceptionV3, Xception, InceptionResNetV2 architectures is 299x299x3; the
input resolution of MobileNet, ResNet50, VGG16, VGG19, NASNetMobile, DenseNet169
and DenseNet201 architectures is 244x244x3; and the input resolution of NASNetLarge
architectures is 331x331x3.

4.1.2 Problem Reduction

During the LIDC/IDRI database design process, radiologists were instructed to
assign a level of malignancy between 1 and 5 for each node detected. However, the vast
majority of studies in the literature (using the LIDC/IDRI database) restrict the task of
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lung nodule malignancy classification to a binary classification problem (DENG et al.,
2009; AERTS et al., 2014; SHEN et al., 2015; HUSSEIN et al., 2017; SHEN et al., 2017;
ZHU et al., 2017). Therefore, in order to maintain a methodological standard among the
comparative works, a reduction procedure is applied. In it, the levels 1 and 2 are combined
and labeled as non-malignant nodules, while levels 4 and 5 are combined and labeled as
malignant nodules. The number of samples distribution before and after the reduction

process is illustrated in Figure 18.
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Figure 18 — Illustration of the nodule malignancy levels distribution before and after the
reduction process.

4.2 Convolutional Neural Networks as feature extractors

The second section of this methodology details the architectures construction and
initialization process, their training (with the reference database) and their transformations

into feature extractors.

4.2.1 Architectures Construction and Initialization

Over the last few years, especially after 2012, the performance in the object detection

task has significantly increased with the development of several CNN architectures.

However, since it is unfeasible to evaluate the hypothesis explored in this work in
all architectures elaborated by the scientific community, 11 reputable architectures (many
of them are winners of complex challenges such as ILSVRC (RUSSAKOVSKY et al., 2015)
and COCO (LIN et al., 2014)) are selected to represent the CNN method class.

More specifically, the computational graph representing each one of the architec-
tures VGG16, VGG19, MobileNet, Xception, InceptionV3, ResNet50, Inception-ResNet-V2,
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DenseNet169, DenseNet201, NASNetMobile, and NASNetLarge is implemented and ini-

tialized as specified in their respective papers.

4.2.2 Architectures Training

The second stage of this section consists of training the 11 architectures con-
templated in this work in the reference database, that is, the database from which the

"knowledge" is transferred.

Based on the premise that the characteristics/patterns learned by a CNN to
discriminate a set of classes are more generic than those learned to discriminate only a
subset of those classes, the reference database used in this work should have as many
classes as possible. Further, since all 11 architectures were elaborated with the objective of
solving the problem represented by the ImageNet database, which consists of 1.2 million
non-medical images and divided into 1000 categories, the training methodologies used by
each of these architectures are documented in detail in their respective articles. Thus, the
ImageNet database, which has some samples shown in Figure 19, is selected to be used as

a reference database.

4.2.3 Converting CNNs into feature extractors

In the third and last step of this section, the CNNs trained in the reference dataset
are converted into feature extractors. However, to accomplish this, it is necessary to

understand the four transformations performed by these neural networks.

First, the CNN input image, that is, the image to be processed, is initially submitted
to a sequence of non-linear transformations, which are defined according to the architecture
used. More specifically, this process converts the input image into a set of small arrays
(in none of the architectures used in this work the resolution of these arrays is larger
than 11x11x1). Subsequently, each of these matrices is resized to a one-dimensional vector.
Then, the set of these vectors is concatenated, thus forming a single vector. This vector,

in turn, can be interpreted as the features extracted by CNN.

Finally, these feature vectors are submitted to one or more fully connected layers.
In general, this process resembles the processing performed by the Perceptron or the MLP
classifiers. It should be noted that the activation functions used in these layers are the
ReLU or Sigmoid, for the first layers, and Softmax, for the last one (if the network has

only one layer fully connected the activation function used is the Softmax).

However, as illustrated in Figure 21, the last fully-connected layers (used to train

the network in the reference database) are removed from the model.

With that, when an image is submitted to this modified architecture, the result

can no longer be interpreted as a set of probabilities of an input image belonging to a
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Figure 19 — Examples of non-medical images from the reference dataset (used to train 11
CNNs explored in this work).

given class of the reference dataset (ImageNet), but rather as an information vector, which

would be used by fully connected layers to compose the class probabilities.

4.3 Evaluating the proposed approach

In this section, the methodology used to evaluate the performance of the 11 feature

extractors implemented in this work is detailed.

4.3.1 Extracting features from LIDC/IDRI database

First, each of the architectures converted into a feature extractors is applied to the
target database, that is, the LIDC/IDRI database after preprocessing performed in the

first section of this chapter.

Furthermore, since most applied classifiers process the same image more than
once (during their training), it is preferable to convert the whole target database into 11

new feature sets (one for each modified architecture) before training it. This avoids the
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Figure 20 — Illustration of the first two steps of a CNN. In the first, the input image is
submitted to a sequence of Convolutional and Subsampling (Pooling) layers.
In the second, the results of the first step are resized and concatenated into a
single list, called here 'deep features’
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Figure 21 — Illustration of the process used to transform a CNN into a feature extractor.
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computational cost of performing the extraction task more than once, thus reducing the
time consumed during the evaluation process. Also, the extraction process performed for

each explored architectures is illustrated in Figure 22.
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Figure 22 — Illustration of a deep feature extraction process in a given dataset.

4.3.2 Malignancy Classification

Next, 5 classification methods are applied to the 11 sets of extracted characteristics:

Naive Bayes, KNN, SVM, MLP, and RF.

In the Naive Bayes, a Gaussian distribution is used as probability density function.
In the KNN classifier the hyperparameter “number of neighbors” was chosen through a

grid search, testing the odd values from 1 to 11.

Moreover, for the SVM, MLP and RF classifiers, the hyperparameters were chosen
through a random search with 20 iterations over each fold of a 10-fold cross-validation

process, which is illustrated in Figure 23 .

More specifically, the random search on SVM hyperparameters explored ‘C” and
Y with 275,274 273 . 2P and 271 | 271 | 23 values respectively (HSU et al.,
2003).

Besides, the MLP was trained using the Adam algorithm (KINGMA; BA, 2014)
with an initial learning rate of 574, learning rate decay of 0.01, the maximum number of
1000 iterations, tolerance for the optimization of 1% and epsilon of 178. Beyond that, a
random search was performed to find the number of neurons used in the hidden layer.

This search ranged from 2 to 1000 neurons.

Lastly, the random search for RF was used to find: which number of features to
consider when looking for the best split (1, 2, 3, ... or 10); which tree maximum depth
should be used (6 or none); which minimum number of samples required to split an internal
node (1, 2, 3, ... or 10); which minimum samples per leaf should be used (1, 2, 3, ... or 10);
whether bootstrap samples should be used when building trees or not, and which function
should be used to measure the quality of a split (gini or entropy). Furthermore, RF train

process used 3000 estimators.



56 Chapter 4. Methodology

DATASET DATASET

—

=

& SHUFFLE
\ v

EXPERIMENT 1 EXPERIMENT 2 EXPERIMENT 3 EXPERIMENT 10
|
|

FALSE
POSITIVE
(FP)
FALSE R
NEGATIVE e
(FN)

AVERAGE RESULTS

Figure 23 — Illustration of the 10-Fold Cross Validation process in a shuffled dataset.

4.3.3 Evaluation metrics

Finally, to numerically compare the classifications performances the evaluation
metrics: accuracy (ACC), sensitivity (True Positive Rate, TPR), positive predictive value
(PPV), F-Score, and the area under the ROC-curve (AUC), are computed. More specifically,
ACC is the number of nodules correctly classified overall evaluated nodules; TPR is the
rate of malignant nodules correctly classified; PPV is the number of malignant nodules
correctly classified over the number of samples classified as malignant nodules; F-Score
is the harmonic mean between TPR and PPV; and AUC is the area under the curve of
TPR against the rate of non-malignant nodules correctly classified at various threshold

configurations.

To accomplish this, a confusion matrix of each classification process is computed
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using the average results from the 10-Fold Cross Validation. An example of this confusion
matrix is illustrated in Figure 24, in which, true positive (TP) is the number of malignant
nodules correctly classified; true negative (TN) is the number of the malignant nodules
correctly classified; false positive (FP) is the number of non-malignant nodules wrongly

classified; and false negative (FN) is the number of malignant nodules wrongly classified.

Confusion Matrix

TRUE FALSE
Non-malignant §\ 1 (e 91\ = POSITIVE
(TN) (FP)

True label

FALSE TRUE
Malignant NEGATIVE POSITIVE
(FN) (TP)

Non-malignant Malignant
Predicted label

Figure 24 — Illustration of a confusion matrix for the lung nodule malignancy classification
task performed in this work.

Based on the this average confusion matrix values the evaluation metrics ACC,

TPR, PPV, and F-Score can be mathematically described as the following equations:

Ace = TP+§]§1§]1X+ FN’ (41)
TPR= PTJrPF ~ (4.2)

PPV — T;;L—PFP, (4.3)

F — Score = % (4.4)

Moreover, to compute AUC evaluation metric 2 steps are required. In the first, the
validation samples are divided into 2 groups, the non-malignant nodules and the malignant

ones. Next, each of these sets is submitted to a prediction process of a given classifier
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Figure 25 — Prediction probability histogram of a binary problem. Where TP, TN, FP
and FN are true positive, true negative, false positive and false negative,

respectively. T' is the threshold between what is classified as class 0 and class
1.

and the correct class prediction scores are used to compute a histogram. Then, these 2

histograms are plotted into a graph, which has a sample illustrated in Figure 25.

In this graph, it is observed that, as the parameter T varies, the relation between
the values of TP, TN, FP and FN changes, and consequently, the same happens with
the TPR and False Positive Rate (FPR) metric, which is represented by the following

equation:

PP

FPR= 557N

(4.5)

With this, it is possible to compute and plot a graph with the values of TPR and
FPR metrics for all values of T" between 0 and 1. This graph is known as the Receiver
Operational Characteristic (ROC) curve. An example of this curve is represented in

Figure 26.

Further, computing the evaluation metric AUC is equivalent to computing the
integral of the curve between the interval 0 and 1 in Figure 26 and can be mathematically

described by the following equation:

| TPR(T)- FPR(T)dT (4.6)
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Figure 26 — Illustration of a receiver operenting characteristc curve (goo.gl/oLLnBz).

4.3.4 Hardware Settings

It is worth noting that all experiments are conducted under an Ubuntu 17.10
64 bits composed of an Intel Xeon processor with two cores 2.3 GHz and 13 GB RAM.
Furthermore, the deep extractors are implemented using the Keras 2.1.4 API with a

Tensorflow 1.8 backend and classifiers are implemented using the Scikit-learn 0.19.1 library.
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5 Results

The results of this dissertation are presented in two stages. In the first, 66 combina-
tions, between CNN-based feature extractors and classifiers, have their evaluation metrics
compared. Then, the best combination obtained in the first step has its results compared

to related works found in the academic literature.

5.1 Evaluating Explored Combinations

More specifically, as shown in Table 1, in this first step of the results, 66 combinations
have their AUC, ACC, TPR, F-Score and PPV metrics compared. Each combination con-
sists of a feature extractor (based on one of the architectures VGG16, VGG19, MobileNet,
Xception, InceptionV3, ResNet50, Inception-ResNet-V2, DenseNet169, DenseNet201, NAS-
NetMobile or NASNetLarge) and a classifier (Bayes, KNN, MLP | RF, Linear SVM or
SVB RBF).

In order to establish a criterion to select the best combination explored, the
average between the evaluation metrics is computed for all combinations and then ordered
incrementally. Subsequently, the 5 combinations with higher averages are illustrated in
a bar graph in Figure 27, where each color represents a combination. In this figure, it
is observed that the architectures Xception, Resnetb0 and Inception-ResnetV2 and the
classifiers SVM RBR, MLP and RF stand out among the others.

It can be argued that a common aspect of all these architectures is the concept
of "skipping connections’, introduced by the article that also proposed the ResNet50
architecture. However, this does not seems to be a decisive factor, given that the DenseNet

architecture, which takes this concept to the extreme, did not obtain good results.

Further, an alternative interpretation for these results is that the "skipping con-
nections” between a few layers enables the training of deeper models, that is, models
with greater discriminative power. However, when the skipping connections” is performed
between many layers (as in DenseNet), the model becomes very specialized in solving the

task for which it was initially trained, thus preventing a transfer of this from learning.

According to Figure 27, despite a similar average between metrics, the approaches
that adopt the SVM-RBF classifier have low PPV rates and high TPR rates, while the
ones that use the MLP classifier present an inverse behavior, that is, low TPR rates and
high PPV rates.

However, since the empirical error is sensitive to the total number of incorrectly

classified samples, and the database used in this work has almost 4 times more samples of
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Table 1 — Accuracy (ACC), Area Under Curve (AUC), F-Score, Sensitivity (TPR), Positive
Predictive Value (PPV) for the evaluated combinations between deep feature
extractors and classifiers.

Model Classifier ACC(%) AUC(%) F-Score(%) TRP(%) PPV(%)
Bayes 83.66 83.87 62.49 54.87 73.66
MLP 89.91 92.90 79.11 75.13 84.03
Xeeption Nearest Neighbors 87.89 89.99 76.36 77.44 75.82
Random Forest 88.61 90.98 75.48 70.00 82.64
SVM Linear 86.85 92.55 76.68 84.87 70.44
SVM RBF 88.28 92.93 78.61 84.87 73.40
Bayes 83.20 82.65 63.08 56.41 72.19
MLP 89.13 92.25 76.24 69.23 85.37
ResNet50 Nearest Neighbors 86.85 89.38 73.21 70.77 76.23
Random Forest 88.80 92.15 77.75 76.92 78.97
SVM Linear 86.98 92.67 77.08 85.64 70.51
SVM RBF 88.41 93.19 78.83 85.38 73.48
Bayes 83.21 89.57 69.05 73.59 65.38
MLP 87.76 91.08 74.81 72.05 78.09
MobileNet Nearest Neighbors 87.57 91.04 72.94 66.41 81.20
Random Forest 87.18 91.64 73.13 68.46 78.68
SVM Linear 84.25 89.64 70.70 75.13 67.07
SVM RBF 88.67 91.79 75.73 70.51 82.21
Bayes 77.87 85.34 24.81 14.62 90.83
MLP 83.53 88.55 67.07 66.41 68.07
Vaais Nearest Neighbors 84.05 85.23 64.55 57.18 74.76
Random Forest 84.83 89.82 60.09 45.90 88.70
SVM Linear 80.27 87.90 67.61 80.77 58.28
SVM RBF 86.53 89.40 72.21 69.49 75.86
Bayes 76.43 83.60 15.26 8.46 86.67
MLP 87.69 90.75 74.10 70.00 79.33
VGG19 Nearest Neighbors 86.00 88.31 70.25 65.13 77.19
Random Forest 87.11 89.55 73.27 70.26 76.90
SVM Linear 82.03 89.61 69.90 82.31 60.84
SVM RBF 84.90 89.82 72.40 78.21 67.74
Bayes 80.08 84.50 63.30 67.69 59.59
MLP 87.83 91.79 74.45 70.77 81.08
InceptionV3 Nearest Neighbors — 87.04 89.46 73.61 71.03 76.84
Random Forest 85.81 89.91 69.21 63.08 77.14
SVM Linear 87.50 91.41 77.31 83.85 71.88
SVM RBF 88.87 92.50 77.34 74.62 80.44
Bayes 83.52 83.91 62.63 54.87 73.46
MLP 89.00 92.63 77.10 73.33 82.70
e N Nearest Neighbors ~ 87.50 88.91 75.51 75.90 75.56
InceptionResNetV2 g dom Forest 8672 90.22 75.05 7897 7180
SVM Linear 87.24 92.53 77.34 85.38 70.90
SVM RBF 87.04 92.48 76.84 84.62 70.61
Bayes 82.81 85.23 54.58 41.28 82.13
MLP 87.37 89.98 72.24 65.64 81.03
P Nearest Neighbors 85.10 86.98 69.55 67.18 72.63
NASNetMobile " dom Forest 8451 87.66 70.33 73.08  68.09
SVM Linear 83.73 88.92 72.22 83.33 64.00
SVM RBF 85.22 89.84 73.67 81.28 67.81
Bayes 83.21 85.42 66.44 65.64 67.41
MLP 88.08 90.79 74.26 69.23 82.41
T Nearest Neighbors 87.63 87.97 74.53 71.54 78.07
NASNetLarge Random Forest 8756  90.17 72.06 6333 84.02
SVM Linear 87.57 91.00 76.75 81.03 73.42
SVM RBF 88.28 90.09 75.32 70.77 80.98
Bayes 81.32 82.25 45.64 31.28 86.80
MLP 86.52 89.67 68.94 61.03 82.26
DenseNet169 Nearest Neighbors 86.46 89.10 72.72 71.54 74.57
Random Forest 86.53 91.16 74.41 77.44 72.07
SVM Linear 86.13 91.35 75.15 82.82 68.95
SVM RBF 86.66 90.24 72.91 70.77 75.70
Bayes 81.76 86.68 47.09 32.56 87.56
MLP 87.18 91.83 71.01 62.31 83.84
. Nearest Neighbors 87.11 89.57 73.12 69.49 77.76
DenseNet201 Random Forest 8750  91.70 71.80 63.08  83.83
SVM Linear 85.81 92.47 75.26 84.62 68.14

SVM RBF 87.82 90.66 74.95 72.05 78.78
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non-malignant nodules (unbalanced), the behavior of the approaches favoring PPV metrics

can be explained as a bias in the classification process.

Furthermore, in medical applications the "cost" associated with a false negative
(when the method classifies a malignant nodule as non-malignant) is greater than with a
false positive (when the method classifies a non malignant nodule as malignant), since
when a malignant nodule is detected the patient is submitted to confirmatory exams (such
as blood tests or biopsies). Whereas, when the nodule is classified as non-malignant, the

patient is simply released, which can be life-threatening if the diagnosis is a false negative.

Top-5 Combinations - Total Mean

W Xception+MLP B ResNet50+SVM RBF Xception+SVM RBF InceptionResNetV2+MLP
ResNet50+Random Forest

95.00

90.00
85.00
80.00
75.00 II
70.00 I
CC (% TPR (%

Total Mean (% AUC (%) A F1-Score (%) PPV (%)

Figure 27 — Comparison of the 5 experiments with highest average between AUC, ACC,
TPR, F-Score and PPV evaluation metrics. Each of these experiments is
identified by a different color and represents the combination of a CNN-based
feature extractor and a machine learning technique.

For this reason, the criterion used to select the best combination was changed.
Instead of computing, the average among all the metrics is preferable to compute the
average only between the AUC and TPR metrics, since these are the metrics that are
most sensitive to the false negative rates. Thus, the 5 combinations with the highest values
of this new mean are illustrated in a bar graph in Figure 28, where each group of bars

represents an evaluation metric and each color a combination.

In the Figure 28, it is observed that regardless the architecture used as feature
extractor, all the selected approaches use the SVM classifier (with a Linear kernel or an
RBF kernel).

Another aspect to be highlighted is that, according to the new criterion adopted,
the 2 best results use the ResNet50 architecture as a feature extractor. When combined
with the SVM-Linear classifier this architecture obtains the highest value of the TPR
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metric from all approaches compared in Figure 28, reaching 85.64%. However, this TPR
value is only 0.26% greater than the ResNet50 and SVM-RBF combination, which achieves
a TPR of 85.38%. Moreover, the combination with the SVM-RBF surpass the values
achieved by the combination with the SVM-Linear in all other metrics explored. More
specifically, 1.43 % in ACC, 0.52% in AUC, 1.75% in F-Score and 2.97% PPV.

Top-5 Combinations - AUC and TPR Mean

B ResNet50 + SVM RBF B ResNet50 + SVM Linear InceptionResNetV2 + SVM Linear
Xception + SVM RBF Xception + SVM Linear

95.00

90.00

85.00

80.00

75.00 II

70.00 I-
PR (%

AUC and TPR Mean (%) AUC (% ACC (%) T F1-Score (% PPV (%)

Figure 28 — Comparison between the 5 experiments with the highest average of the AUC
and TPR evaluation metrics. Each of these experiments is identified by a
different color and represents the combination of a CNN-based feature extractor
and a machine learning technique.

Notwithstanding, the feature extraction time does not represent a critical aspect in
the lung nodule malignancy classification task, the information may be useful in case the

reader wishes to extend the approach herein applied to solve real-time tasks.

For this reason, the execution times of each extractor used are shown in Figure
29. In this bar graph, it is observed that the architecture with lower extraction time is
MobileNet with 94ms,; 8.8 times faster than DenseNet201 with 828ms. Other models that
stand out are VGG16, VGG19 and ResNetb0, presenting 154, 180 and 196 milliseconds

respectively.

Finally, based on the experiments carried out in this first stage, the combination
between the deep feature extractor based on the ResNet50 model and the SVM-RBF
classifier is selected as the best approach among the explored ones. This is because, this
combination achieves the highest average between the AUC and TRP evaluation metrics,
which are essential for medical applications. Further, the results obtained by this approach

are shown in Figure 30.
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Extraction Time (ms)

MobileMet
VGG16
VGG19

ResNet50

Xception
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MNASNetMobile
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MASMetLarge
DenseMet201

826
828

1000

Figure 29 — The average execution time (in milliseconds) of each Deep feature extractor
explored in this work.

ResNet50 + SVM RBF

95.00
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_ 88.41
£ 8500
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Figure 30 — The values of AUC, ACC, TPR, F-Score, and PPV metrics from the selected
combination.

5.2 Comparison of the proposed approach with related works

In this second stage of the results, the performance of the selected approach is
compared to related work through its evaluation metrics. As shown in Figure 31, 13
approaches for lung nodule malignancy classification using the LIDC/IDRI database were

found in the academic literature.

However, nearly half of these techniques (6 of them) computed their metrics using
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only a subset (less than 1000 samples) of the LIDC/IDRI database.

This selection of samples, despite justified by the methodology of the respective
works, reduces the reliability of their results, since it makes the database less representative.
For this reason, only those approaches that use more than 1000 samples in their studies

are considered for the comparison performed in this second stage of the results.

Number of Nodules
2000 B Filtered

M Selected
1536

1500 1375_1375_1375_1356- 1340
1000

500

Figure 31 — List of related works sorted by the number of nodules evaluated.

In Figure 32, a comparison between related works is performed. In it, each approach
is represented by a set of bars, where each color represents an evaluation metric. Also, it
is worth noting that, despite being computed in this work, the PPV and F-score metrics

were not shown in Figure 32, since none of the related works provided them.

Among the compared approaches, it is easy to see that the combination proposed
by this work obtained the highest value of the AUC evaluation metric (93.13%). Slightly
higher than those achieved by Shen et al. (2017) (93%) and Han et al. (2015) (92.7%);
and considerably higher than the one achieved by Aerts et al. (2014) (89%).

In addition, the TPR values obtained by the combination of ResNet50 and SVM
RBF (85.38 %) are substantially higher than the ones provided by Shen et al. (2017)
(77%), but slightly lower than those achieved by Aerts et. al. (2014) (87%).

Despite achieving a higher ACC than most of the comparative approaches (Shen
et al. (2015) (86.80%), Shen et al. (2017) (87.14%) and Han et al. (2015) (83.21%)), the
approach exploited by this work, which obtained 88.41%, was surpassed by the approaches
of Hussein et al. (2017) (91.26%) and Zhu et al. (2017) (90.44%).

However, in unbalanced databases (such as LIDC/IDRI) the ACC metric by itself
does not mean much. Mostly because, even if the method under analysis classifies all

samples with the label of the most frequent class in the database, the obtained ACC value
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is high. That is, despite the approaches presented by the works of Hussein et al. (2017) and
Zhu et al. (2017) achieve higher values than those obtained by the combination between
ResNetb0 and SVM RBF, their results do not show the methodological rigor necessary for

an effective comparison, since they only provide the ACC metric of their experiments.

Related Works

95.00 93:19 93.00 92.70 . e
91.26 S

90.44 [ TRP(%)
90.00 8843 go.0o
87. 148 8700 86.80
85.38
85.00 83
80.00
a7 00
75.00 .

Proposed  Shenet.al Hanet.al. Aertset.al. Shenet.al Husseinet. Zhuet al
Approach (2017) (2015) (2014) (2015) al. (2017) (2017)

(%]

Figure 32 — The results from the proposed approach and related works are compared in a
bar chart using the AUC, ACC, TPR, metrics. Each one of these metrics is
indicated by a color.
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6 Conclusion

A new approach to perform lung nodule malignancy classification based on the

concepts of Transfer Learning and Deep Learning is proposed in this dissertation.

First, the VGG16, VGG19, MobileNet, Xception, InceptionV3, ResNet50, Inception-
ResNet-V2, DenseNet169, DenseNet201, NASNetMobile and NASNetLarge are built and
trained in the ImageNet database, which is composed of more than 1.2 million non-medical

images divided into 1000 categories.

Later, each of these networks is converted into a feature extractor and combined
with Bayes, KNN, MLP, RF, Linear SVM and SVM RBF machine learning techniques.

Then, each one of these 66 combinations is evaluated in the classification of 1537
lung nodules, being 1146 non-malignant and 390 malignant. More specifically, the set of
samples used to represent the nodule malignancy classification problem in this work is
obtained from the LIDC / IDRI database, which contains 1018 chest CT scans and their

respective diagnoses, performed by 4 experienced radiologists.

Finally, these combinations are compared with each other and with the approaches
proposed by Shen et al. (2017), Hussein et al. (2017), Zhu et al. (2017),Han et al. (2015),Shen
et al. (2015) and Aerts et al. (2014). This comparison uses the evaluation metrics AUC,
ACC, TPR, F-Score and PPV, computed from a Cross-Validation with 10 experiments.

From these tests, it is concluded that among the evaluated combinations the one
whom the extractor is based on the ResNet50 architecture and the machine learning
technique applied is SVM-RBF, is the best one. This approach has the highest values of
AUC and average between TPR and AUC, and also the second highest metrics average.
More specifically, this combination achieves 93.13% of AUC, 85.38% of TPR, 78.83% of
F-Score, 73.48% of PPV and 88.41% of ACC.

Further, when compared with related works, the selected approach also has the
highest value of AUC and average between TPR and AUC metrics, thus obtaining superior

results.

Therefore, the main contributions of this dissertation are: a detailed methodology
for processing LIDC/IDRI exams and medical annotations; the exploration of several
CNN architectures as feature extractors using transfer of learning; an extensive statistical
analysis of the experiments results, thus serving as a reference for future works; and the
proposition of an effective approach to classify the malignancy of lung nodules in chest

CT images.

It is worth mentioning that a preview of this work was published in the 31st
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International Symposium on Computer-Based Medical Systems (CBMS 2018), indicating

the recognition of such contributions by the academic community.

Overall, the deep extractor ResNetb0 combined with SVM RBF classifier have
achieved satisfactory results and is eligible to be integrated into a CAD system to give

specialist doctors a second opinion about the malignancy of a lung nodule.

6.1 Future Works

The entire development of this dissertation, as well as the results obtained, does
not exhaust the topics of Transfer of Learning, CNNs or Deep Learning. In this sense, the

following future works can be proposed:

e Integrate the approach developed into a CAD system,;

e Propose an approach for automatic segment lung nodules;

e Apply the proposed approach in non-lung nodules;

e Combine the features from more than one extractor before the classification
process;

e Compare the achieved results with classic feature extractors, such as, HU, LBP,
GLCM etc;

e Perform statistical validation testes, such as, Friedman, Wilcoxon etc;

e After training the target architecture in a baseline dataset, train with a subset

of the target database (strategy known as fine-tuning).
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APPENDIX A - The Lung Image Database
Consortium (LIDC) and Image Database
Resource Initiative (IDRI)

Public available databases with a consistent quantitative analysis of several Com-
puter Tomography (CT) scans are a valuable resource, not only to oncologic and radiologic
research, but also to development of Computer-Aided Diagnosis (CAD) methods. Partly
because a commun collection of medical images removes the source unreliability of database
composition process, which usually prohibits an appropriate comparison among differ-
ent approaches. Moreover, such a collection also has the potential to enable artificial
intelligence methods to compute statistical correlation between annotations and images.
However, to collect and select clinical images and their assessments is an expensive and
time consuming task (ARMATO et al., 2011).

To overcome this issue, since 2001, the Lung Image Database Consortium (LIDC)
(ARMATO et al., 2011), which is formed by five institutions (University of Michigan,
University of California, Weill Cornell Medical College, University of lowa, University of
Chicago and Los Angeles), is developing a public web-accessible database with three main
components: a repository of chest CT scans; nodules information based on assessments
experienced radiologists; and their respective acquisition technical parameters, for example,
reconstruction algorithm and slice thickness, as well as patients information such as: gender,

age, and final diagnosis.

Further, in 2004, to extend LIDC efforts the National Institutes of Health (FNIH)
created the Image Database Resource Initiative (IDRI) that joined five previous LIDC
institutions with other eight companies, such as: Fuji, GE, Philips and Siemens; and another
two academic groups at Memorial Sloan-Kettering Cancer Center and MD Anderson
Cancer Center. Thus, as a result of this cooperation process, that repeated the same LIDC
procedures during the collection and annotation of new IDRI scans, it was possible to
combine both chest CT scans database composing what is referred as the LIDC-IDRI
database. The annotation process used in the LIDC-IDRI database consisted of four phases:

“blinded read”, unblinded read, assessment phase and filtering phase.

In the "blinded read phase', four experient radiologists were instructed to review the
same scan without exchanging any information about it. As a review can be a subjective
task, it was also required that they mark lesions and classify each of them into three

possible categories: nodule >= 3mm, nodule < 3mm and non-nodule >= 3mm. It is
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noteworthy that, in this annotation process the ‘nodule’ label could be interpreted as a
noncancerous process, a primary lung cancer, a metastatic, or an indeterminate stage.
Moreover, for each “nodule>= 3mm” the radiologist used a software to specify the outer

boundary of the nodule.

In the unblinded read phase, all radiologists had access to all other colleagues
anonymized) annotations, then, without forcing any consensus, the radiologists indepen-
g g

dently reviewed their own marks.

In the assessment phase, each radiologist had to independently specify characteris-
tics (e.g., likelihood of malignancy) for all nodules that he/she considered to be bigger or

equal to 3mm.

In the filtering phase, the process to ensure the annotations integrity was based
on the detection and elimination of five categories of potential error: annotations outside
of pulmonary regions; errant marks inside the lungs; multiple annotations to a lesion by
the same radiologist; nodule outer boundaries that are disconnected over adjacent CT
slices; nodules >= 3mm without any outer boundaries mark; evident disparity between

the lesion size and the nodule classification (as bigger or smaller than 3mm).

Thus, after the filtering stage, from all 1010 CT scans in the LIDC/IDRI Database,
7371 lesions were detected and assessed as nodule by at least one of the four radiologists
and 2669 of these were classified as a "nodule >= 3mm" by at least one radiologist. Further,
from these 2669 nodules, 777 (29.1%) were classified as a "nodule >= 3 mm" by one
radiologist, whereas 928 (34.7%) were classified for all four of them.

Finally, all exams and annotations, that compose LIDC/IDRI Database, are publicly
and freely available for download at the National Biomedical Image Archive (NBIA) website
(http://ncia.nci.nih.gov/).



