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Preface

In the 21st century, so far, biomedical applications have been in a great
momentum, thanks to the use of advanced technology. Here, the use of arti-
ficial intelligence models has a remarkable role to advance the outputs in
terms of different tasks such as medical inferencing, diagnosis, and treatment
planning. When it is evaluated from the variety of successful tasks, artificial
intelligence is already an effective decision support tool for doctors, medical
staff, and researchers. That situation is associated with intense developments,
which are done often in the intersection of artificial intelligence and biomed-
ical. Even early applications of intelligent systems were done for biomedi-
cal problems at first. So, more steps were taken for improving capabilities
of artificial intelligence in analyzing biomedical data and solving the corre-
sponding cases. As a result, current intelligent system applications are often
associated with comparing machine and human limitations. It is known that
today’s intelligent systems ensure competitive findings when compared with
human touches. Especially difficult tasks such as early diagnosis, prognosis,
precision treatment, and drug design often receive revolutionary and promis-
ing results from the side of artificial intelligence.

Although technological developments are excellent for artificial
intelligence usage in biomedical, there is the issue that today’s intelligent
systems go beyond the human capabilities. That means we are no lon-
ger able to track the mechanisms shaping the output results by analyzing
the input variables. As long as deep learning models or hybrid machine
learning formations require many parameters for success, it is almost
impossible to have interpretable reasons for how these models can cre-
ate a relation between input data and output decisions. At this point, it
is not possible to detect failure and success points of intelligent systems.
Being known as black box, such type of intelligent systems cannot be
used directly without understanding their safety level. So, such black-box
systems should not be accepted as trustworthy until some solutions may
be used to solve the issue. Nowadays, explainable artificial intelligence
(XAI) is a trendy solution to ensure explainability for black-box mod-
els, which are associated with especially deep learning. Of course, the

xiii
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interpretability in white-box machine learning techniques is now more
important when alternative solutions for trustworthy intelligent systems
are thought.

The objective of this edited book is to provide the latest advancements
in terms of XAI in biomedical applications. Intense consideration was given
to employ the most recent research results by covering as much different
topics as possible under the umbrella of biomedical field. A remarkable focus
was also given to have alternative reviews for present and future state of XAl
applications in the context of biomedical problems. Because there are also
different solution methods for achieving explainability, the book had a care-
ful selection for informing the audience about the variety of XAl methods.
Not only including the XAI but also recalling the interpretable methods, the
book hosts a total of 17 chapters targeting XAl use cases in specific problem
areas. Contributions by each chapter are as follows.

Chapter 1 focuses on the diagnosis of gastric cancer by using a hybrid-
network-based model. In detail, the exact mechanism of the model was ana-
lyzed, thanks to the SHAP analysis in the context of XAl research.

Chapter 2 considers another XAI method, LIME, to examine the dis-
ease diagnosis. It provides a general overview and examines the research
flows in terms of applying and understanding the LIME method for diagno-
sis cases.

Chapter 3 ensures a review work by considering the XAl usage in veter-
inary and animal science field. It comes with a remarkable content by touch-
ing the animal sciences and showing the need for XAl from the veterinaries’
perspective and the corresponding research topics.

Chapter 4 aims to examine a recent massive health issue: the corona
virus. In this context, it provides an interpretable analysis for the potential
impact of different versions of corona virus.

Chapter 5 comes with a deep review of XAl usage in biomedical appli-
cations. It hosts detailed explanations for different XAl methods and solu-
tions with perspectives on present and future potentials.

Chapter 6 targets its research way in the survival of heart failure patients.
As associated with the XAl it considers the prediction capabilities of itera-
tive learning by running factor analysis with the SHAP method.

Chapter 7 considers another important XAl method, CAM, for the
research on deep learning for image-based data. In detail, it provides a gen-
eral overview for the CAM usage and also discusses the use cases in alterna-
tive XAl solutions as well.
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Chapter 8 provides a remarkable perspective on the usage of IoT in
healthcare applications. The coverage of the chapter is with establishing the
security with the XAl perspective.

Chapter 9 is another work associated with medical image data. It gen-
erally considers the chest disease identification from X-rays and focuses on
the usage of deep learning.

Chapter 10 ensures another remarkable review of XAI, by considering
dentistry as the target area. As it is critical to have the XAl touch in especially
image data, the chapter achieves a timely theoretical examination for the lit-
erature of artificial intelligence applied in dentistry.

Chapter 11 hits a critical research topic, drug discovery, in the view of
XAl solutions. In this context, it ensures a deep review of the research efforts
for explainable drug discovery and design applications, which are supported
by XAL

Chapter 12 considers an automatic segmentation method for the spinal
cord gray matter from MR image data. It employs the remarkable U-Net
model for the problem solution.

Chapter 13 provides another review of drug discovery, by considering
the XAI usage. It mostly considers alternative use cases of XAl for ensuring
successful and trustworthy drug discovery efforts.

Chapter 14 considers a massive perspective in the context of smart
healthcare services. At this point, it provides a recent view on XAl usage in
the applications regarding the rural community.

Chapter 15 comes with an alternative review for XAl usage in drug
discovery research. By giving an importance to the molecular inputs, it
is another chapter to hit that critical research topic from the perspective
of XAI

Chapter 16 is based on research regarding classification of brain tumor
images through a hybrid deep/machine learning model and alternative
machine learning techniques. In detail, it considers the use of Grad-CAM for
XAI purposes.

Chapter 17 recalls the loT-based applications and focuses on the breast
cancer diagnosis. In detail, it provides a remarkable comparative work.

As it may be seen, the book rises over different research orientations to
understand more about the scope of XAl for better, trustworthy biomedical
applications. We believe that all chapters will be useful for researchers, pro-
fessionals, and degree students for understanding essentials of XAlI, and the
application ways for biomedical problems.
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As the editors, we would like to thank all respectful authors for their
valuable contributions. Our special thanks go to Prof. Omer Deperlioglu
(from Afyon Kocatepe University, Turkey) for his kind foreword. Finally,
we are grateful to the readers and looking forward to receiving their feed-
back for the book. In this context, any ideas for further projects are wel-
come, too.

Editors

Dr. Utku Kose

Dr. Deepak Gupta
Dr. Xi Chen



Foreword

In the field of biomedical, artificial intelligence has a great role in techno-
logical advancements. The use of intelligent algorithms allows us to improve
known results and solve the most competitive problems associated with tasks
such as diagnosis, treatment, and drug discovery. The latest research shows
that the effective use of deep learning models achieves better findings when
compared with humans. It is good to have automated solutions for saving
time, saving costs, and building careful decision support for the human side.
However, more advanced use of artificial intelligence causes them to be black
box because we need more parameters to be optimized for better findings.
That is a problem as we do not have any idea about inside mechanisms of
such intelligent systems and we should still trust artificial intelligence in
risky biomedical cases. Although there is a strong relation between artifi-
cial intelligence and biomedical, black-box state is a threating factor for the
future advancements. As a chance, the scientific audience was not silent for
this and XAI (explainable artificial intelligence) was introduced in order to
integrate explainability components for tracking input—output relations.
According to me, XAI should be among essential requirements for
building trustworthy intelligent systems. That is more critical when we think
about using intelligent systems for biomedical cases. When we examine
the literature, it may be seen that different medical data types can be ana-
lyzed through different methods such as CAM, LIME, and SHAP. As long
as we take the support from mathematical and logical background for creat-
ing observable data relations, the XAI literature will host many alternative
methods. That is just a matter of time according to human requirements for
safe smart tools. So, there is a need for intense reviews of XAl-biomedical
research, regarding the latest advancements and even future perspectives.
This edited book titled as Explainable Artificial Intelligence (XAl) for
Biomedical Applications is a timely contribution as the field of biomedical
needs a direct focus on how we can run XAl in different biomedical topics. As
we know, there is a great variety of research topics in the context of biomedi-
cal field. From that perspective, this book comes with a remarkable collection
of 17 chapters including different solution tasks such as diagnosis, image

Xvii
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analysis, and data discovery. It is great to see that the book also hosts critical
reviews and targets specific problem areas such as dentistry, animal sciences,
and IoT use cases. It is also nice to see that the chapters were carefully gath-
ered to discuss different, recent XAl methods used in biomedical problem
areas. Each chapter has pure language to reflect the necessary knowledge to
the target audience. I believe the book will be a valuable reference for not
only researchers but also degree students.

As my final words, I would like to express my sincere thanks to the
valuable editors: Dr. Utku Kose, Dr. Deepak Gupta, and Dr. Xi Chen. Without
their efforts, such a timely contribution would not be possible. All the best for
a “healthy future” with safe employment of artificial intelligence!

Dr. Omer Deperlioglu
Afyon Kocatepe University, Turkey
deperlioglu@aku.edu.tr
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Abstract

Gastric cancer is one of the most widely reported problems in the world, caus-
ing high modality rates in recent times. Gastroscopy is an efficient method
that is widely used to analyze gastric problems. The advent of deep learning
helps doctors to detect gastric cancer in the early stages. The performance
of the existing methods in detecting gastric cancer from the images is not
accurate. This study proposes a novel deep-learning framework that can be
used to detect gastric cancer from gastric slice images. The proposed method
is based on a patch-based analysis of the given input image. Specifically, the
model selects and extracts the features from the images in the training phase
and evaluates the genuine risk of the patients. This is one of the novel contri-
butions of the proposed work. The bag-of-features technique is applied to the
extracted features in the proposed network for the selected patches for better
analysis. Experimental results prove that the proposed framework can detect
gastric cancer from the images effectively and efficiently. The model is robust
enough to detect the minute lesions that can cause the gastric tumor in the
further stages. The dataset used in this analysis is publicly available, and the
results achieved by this model are higher than the other conventional models
that use the same dataset. The proposed framework gives higher accuracy
scores compared with existing frameworks.
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2 Gastric Cancer Detection using Hybrid-based Network and SHAP Analysis

1.1 Introduction

Stomach cancer, often known as gastric cancer (GC), is a type of cancer. When
cells in the stomach’s lining grow out of control, they develop into tumors
that can infiltrate healthy tissues and spread to other body regions. Global
data show that GC is the second most common cause of cancer-related fatali-
ties and the fourth most prevalent malignancy worldwide [1]. Environmental
and genetic factors, among others, play a complex role in the onset and devel-
opment of GC, and their effects on these processes have not yet been fully
understood. Even after receiving a full course of treatment that includes sur-
gery, chemotherapy, and radiotherapy, the five-year survival percentage for
advanced GC is still less than 30% [2], whereas the five-year survival rate for
early GC can be over 90%, sometimes even having a curative impact [3]. The
incidence and development of GC is a complicated process involving numer-
ous mechanisms, steps, and stages. Several transitional phases include the
precancerous state, namely “normal gastric mucosa — chronic non-atrophic
gastritis — atrophic gastritis — intestinal metaplasia — dysplasia — gastric
cancer,” as per the observations of Correa’s currently more widely accepted
pattern of human GC [4]. Atrophic gastritis (AG) and intestinal metaplasia
(IM) are two conditions that are thought to be precancerous lesions that are
strongly linked to GC [5]. AG and IM are more likely to turn into GC if not
treated promptly. Their early detection and prompt treatment have significant
practical implications for the prevention and treatment of GC.

Examination of GC could be done with the help of various sources,
namely imaging tests, pathological images, and endoscopy. To initiate, stom-
ach cancer has to be detected successfully via endoscopy. The surface struc-
ture can be precisely analyzed by image-enhanced endoscopic techniques,
including narrow-band imaging [6] and linked color imaging [7]. According
to the studies, the precision of gastrointestinal tumor diagnosis [8] could be
augmented by the deployment of endoscopic techniques. However, research
states that even endoscopy examinations lead to still missed 10% of upper gas-
trointestinal malignancies [9]. Even if two experts participated, there would be
missed diagnoses in an endoscopic unit [10]. The cause was that accurate gas-
troscopy image diagnosis requires years of practice to develop. Next, the gold
standard for tumor diagnosis is histological image recognition. Diagnostic
mistakes and a heavy workload for pathologists have been brought on by the
dearth of pathologists [11]. Lastly, imaging tests are crucial in assessing the
lymph node metastases of stomach cancer. An imaging evaluation’s primary
focus is on the lesions’ morphological characteristics. For instance, the peri-
gastric adipose tissue is so dense that it resembles lymph nodes. Doctors may
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make errors in diagnosis due to inexperience and missing diagnoses. The accu-
racy of the diagnosis will eventually decline, particularly in several cases [12].

Artificial intelligence (Al) is exploding in medicine due to the grow-
ing demand for detection, categorization, and segmentation or delineation of
more accurate margins. After various findings in this recent scenario, the uni-
versal ground truth is that AI makes machines think like humans. One of the
most crucial components of Al is machine learning. Deep learning is more
accurate and flexible than standard machine learning techniques like support
vector machines and Bayesian networks, and it is also easier to adapt to other
fields and applications. Although Al-based technologies have shown impres-
sive outcomes in the medical field, they have not been widely used in clinics.
The main reasons are the black-box technique’s unique feature and other
factors, including high computing costs. It results from the inability to clearly
represent the knowledge for a particular task carried out by a deep learning
model, despite the underlying statistical principles. Simpler Al techniques,
such as linear regression and decision trees, are self-explanatory since the
model parameters allow one to visualize the classification decision border
in a few dimensions. However, they do not possess the complexity needed
for activities like classifying 3D and the majority of 2D medical images.
Trust can be built among the patients only when the medical diagnosis done
by the doctor is found to be open, clear, and explicable. It should ideally be
able to fully explain the reasoning behind a certain choice to all parties con-
cerned. Deploying deep learning models in the healthcare sector is challeng-
ing as the black box models need more interpretations. A model in Al needs
to act as an aid for medical professionals, and, in addition, it should also
permit the human expert to review the choices and exercise judgment. It has
been understood from various articles that Al is used in various applications.
This has drastically changed over the past 10 years due to advancements in
machine learning (ML) and the broad industrial adoption of ML, which were
made possible by more powerful machines, better learning algorithms, and
easier access to enormous amounts of data [13]. Deep learning (DL) tech-
niques [14] began to rule accuracy metrics around 2012, through which better
results are obtained within the stipulated time. As a result, many real-world
issues are now being solved using machine learning models in various indus-
tries, from fashion, education, and finance [15] to medicine and healthcare.
Explainability is essential for the safe and trustworthy use of Al and a vital
facilitator for its practical application.

By dispelling misconceptions about Al, end users can develop trust by
seeing what a model considers while making a choice. For users who do not
use deep learning, such as the majority of medical professionals, it is even



4 Gastric Cancer Detection using Hybrid-based Network and SHAP Analysis

XAl
Technique

Reason for the
model predicting
it as a “rose”

AOWEE. Trustworthy

Decision

Figure 1.1 XAI model.

more crucial to display the domain-specific attributes used in conclusion.
Machine learning algorithms’ output and outcomes can now be understood
and trusted by human users when those are obtained through a set of pro-
cedures and techniques known as explainable artificial intelligence (XAI).
An Al model, its anticipated effects, and potential biases are all described in
terms of explainable Al. It contributes to defining model correctness, fairness,
transparency, and outcomes in decision-making supported by Al. A business
must establish trust and confidence when putting AI models into production.
A model to be established could adopt a suitable approach to Al development
by deploying Al explainability.

Figure 1.1 depicts the way of working that XAl performs. An associa-
tion could be made between explainability and uncertainty. Uncertainty is a
key problem since deep learning classifiers typically cannot respond “I am
not sure” in ambiguous situations and instead return the class with the highest
probability, even if by a small margin. Recent research has examined uncer-
tainty combined with the issue of explainability to highlight the instances
where a model is unclear and, as a result, make the models more defensible
to users unfamiliar with deep learning.

Understanding the deep learning models is complex as they are not
transparent since it is impossible to gain knowledge directly from the neu-
rons’ weights. It has been shown in the study [16] that determining the sig-
nificance of a neuron for a certain task is not solely dependent on the size,
specificity, or influence of activations on networks. The researchers of an
earlier study [17] thoroughly review explainable artificial intelligence (Al)
terminology, ideas, and use scenarios. The next section describes the taxon-
omy of XAl approaches.

1.2 XAl Approaches

Figure 1.2 shows the taxonomy of XAI techniques that could be deployed.
Various techniques, such as model agnostic versus model specific, a
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Figure 1.2 XAI taxonomy.

comparison of local and global methods, pre-model, in-model, and post-
model specifications, and an overview of surrogate and visualization methods
are discussed.

1.2.1 Model agnostic vs. model specific

Model-specific interpretation techniques are built around the exclusive mod-
el’s parameters. Model agnostic approaches are not restricted to a certain
model architecture and are typically applicable in post-hoc analysis. These
techniques lack direct access to the structural or internal model weights.

1.2.2 Local and global methods

Local methods pertain to the single instance or single outcome of the model.
Global approaches concentrate on the inside of a model by utilizing the
whole understanding of model, training, and related data. It aims to provide a
general explanation for the model’s behavior. This strategy seeks to identify
the features contributing much toward improving the model’s performance.
It is also known as feature engineering.

1.2.3 Pre-model, in-model, and post-model

Pre-model techniques are autonomous and can be applied to any model
architecture. Some popular examples of these techniques include principal
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component analysis (PCA) [18] and t-distributed stochastic neighbor embed-
ding (t-SNE) [19]. In-model methods are interpretability techniques that are
built into the model itself. Some techniques are used after creating a model;
hence, they are called post-model techniques. These techniques can produce
insightful conclusions regarding a model’s precise lessons acquired during
training.

1.2.4 Visualization or surrogate methods

Surrogate methodologies use an ensemble of many models to examine other
black-box models. Decisions that come out of the surrogate model are ana-
lyzed and compared with the decision obtained through the black-box model.

1.2.5 Approaches

Two well-known local explanation methods that can be used to explain any
given black-box classifier are local interpretable model-agnostic explana-
tion (LIME) and Shapley additive explanations (SHAP). These techniques
learn a local interpretable model (like a linear model) around each predic-
tion, explaining each prediction of every classifier in a comprehensible and
accurate way. LIME and SHAP, in particular, estimate feature attributions on
individual instances, which reflect each feature’s contribution to the black
box prediction. The next section describes in detail SHAP.

1.2.5.1 Shapley additive explanations (SHAP)

Among the popular model agnostic techniques available, Shapley additive
explanations (SHAP) could be used to analyze the results. It explains how a
machine learning model’s predictions turned out. Shapley values are applied.
The model characteristics are given weights known as Shapley values. It
demonstrates how each feature affected the outcomes of the predictions.
It establishes how features affect the outcomes of predictions. In the ear-
lier study [20], researchers developed SHAP-a technique through the game
theoretically ideal Shapley values to explain specific predictions. A popu-
lar strategy from cooperative game theory with desirable features is Shapley
values. A data instance’s feature values participate in a coalition as play-
ers. The average marginal contribution of a feature value overall potential
coalition is known as the Shapley value. SHAP explanations guarantee a
fair assessment of features and the contribution of output features as SHAP
values [21]. In the financial industry, SHAP is frequently utilized for vari-
ous projects, as mentioned in previous studies [22, 24]. Oikawa et al. [25]
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proposed a multistage detection network to detect gastric cancer using patho-
logical images. In the first stage of the network, handcrafted features were
used as both pixel and geometric features. Support vector machine (SVM) is
used in this study to differentiate the cancerous pathological images and non-
cancerous images. The false-positive rate of this network is 18.7%. Xu et al.
[26] presented a CNN (convolutional neural network) based approach to seg-
ment the histopathological images and classify them based on the epithelial
and stromal regions of the input image. The images are separated into patches
and analyzed. Wang et al. [27] predicted gastric cancer using advanced CNN
methods based on lymph node images. However, this task is laborious and
computationally expensive. Ueyama et al. [28] constructed a CNN-based net-
work to detect gastric cancer from the narrow band histopathological images.
This approach is high-speed, but the accuracy is comparatively low com-
pared with other methods. Zheng et al. [29] designed a CNN model based
on transfer learning with VGG-19 as primary architecture and achieved an
accuracy of 91% in detecting gastric cancer based on white light endoscopic
(WLE) images. Hirasawa et al. [30] curated a dataset of 3584 gastric cancer
endoscopic images and built a database. The images in the data have 512 x
512 pixel resolution focused more on the affected area. The description of
each image is also given. The whole dataset is made with 69 different patient
data. Lee et al. [31] presented a dataset containing 367 ulcer patch images
and 255 normal images for ulcer detection using white light endoscopy. Song
et al. [32] introduced an Al-based system for predicting gastric cancer from
histopathological images. The average specificity achieved by the model
is 86%.

1.3 Materials and Methods
1.3.1 Data processing and augmentation

The dataset used for this study is taken from the King’s Hospital, Oxford. The
dataset is available for the public in the name of BOT gastric slice data. The
dataset contains original gastric slice images of resolution 1024 x 1024. Since
the dataset is in high-dimensional form, images have to reduce for the lower
forms for better analysis. The images are scaled down to the resolution of
224 x 224 using random projection techniques. The features in the images are
not lost in this process. These small patch images of 224 x 224 are split into
training, testing, and validation data in the ratio of 70:20:10, respectively.
The whole dataset contains 960 gastric cancer images and 571 non-cancerous
images. The images are processed using the augmentation techniques like
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Figure 1.3 The architecture of the MSN module.

cropping, rotation, and shearing to increase the count of images. After the
image augmentation, the images in the dataset are 14,581 cancerous images
and 11,721 non-cancerous images.

1.3.2 Multi-scale network (MSN) module

For the shallow layers in the networks, a greater number of feature maps are
present for the deep layers where object information at different scales is
present. The single convolutional layer is unable to detect the multi-scale tar-
gets simultaneously. Hence, a multi-scale network is proposed in this study
for the shallow layer to overcome the problem. The architecture of the pro-
posed network is shown in Figure 1.3.

The dilated convolutional layer is adopted in the network to amplify
the receptive field of the network. This enables the network to run simultane-
ously to extract the multi-scale features. The extracted features with various
dilation rates are conjugated and max pooled for the adjacent layer.

1.3.3 Inner network (In-Net) module

A recent study shows that the densely connected networks improve the fea-
ture extraction and performance of the network. The features extracted by the
three different MSN modules are conjected for longer features in the deeper
layers. The main focus of the In-Net module is to perform a better fusion of
the extracted features at the deeper layers. The pipeline of the In-Net module
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Table 1.1 Pipeline of the In-Net module.

Layer Type Dilation rate Kernel size, number
1 C 2 3x3,1024

2 C 2 1x1,512

3 C 2 3x3,1024

4 M - 2x2

5 C 1 3x3,1024

6 C 1 1x1,512

7 C 1 3 x3,1024

is given in Table 1.1. In contrast to the shallow layers, the feature maps at the
deeper layers are small. Therefore, a single convolutional layer is capable of
feature extraction. For feature fusion, a 1 x 1 kernel-sized convolutional layer
in between two 3 x 3 kernel-sized convolutional layers is placed.

1.3.4 Slice-based classification (SC-Net) module

The proposed deep learning framework is based on image patches. The
SC-Net module is built to classify the gastric slice image by probabilistic
determination. For testing the proposed method, each gastric slice image is
cropped to 81 smaller pieces of 224 x 224 pixels as the input image for the
deep learning network. The result of patch-based classification is exemplified
by the heat map shown in Figure 1.4. The colors of the heat map in Figure 1.4
represent the possibility of the gastric image being normal or cancerous. The
lower the color value in the image is, the higher the chance of gastric cancer.
The results may not be accurate if the whole image is taken and analyzed. The
analysis performed is on the pixel level. The features selected and extracted
at the training are observed at the pixels. The pixel-level classification gives
an accurate analysis of gastric slice images. The lowest 10 scores are used for
possibility calculation to attenuate the proposed framework. The label of the
image (gastric/non-gastric) is determined by comparing the possibility with
the pre-defined threshold value. In this study, the threshold value is set to 0.34.

1.3.5 Implementation of the proposed network

The proposed network is developed using the PyTorch and Keras toolboxes.
The model is trained on the five different GPUS (GeoForce FTX 3500 X,
12 GB RAM) with a batch size of 128 and a learning rate of 0.001. Adam is
used in support of the stochastic gradient descent with 100 epochs at training.
The framework integrated with all the modules is given in Figure 1.5.
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Figure 1.4 The gastric images and non-gastric cancer images, along with the corresponding
generated heat maps.

1.4 Experiments and Results
1.4.1 BOT gastric dataset

The dataset is curated by the King’s Hospital, Oxford. This dataset is prop-
erly used in this study after processing and augmentation. The gastric slice
images in the dataset are the hematoxylin—eosin (H&E) stained with a mag-
nification factor of 0.3x. Gastric cancer-affected areas are partly provided
in the dataset with a description. The predicted pixel positions are manually
compared with the given description giving accurate results.



1.4 Experiments and Results 11

L "‘1,-"

, The
"ﬁ;:,( {
LNt 3

2 5“3'.? T’.

SN

Figure 1.5 The architectural framework of the proposed deep learning model.

Positive
or
Negative

AP, 7X7

&
e
2

Table 1.2 Comparison of the patch-based ACA in various models.

Model ACA

AlexNet [] 92.36%
ResNet [] 91.51%
DenseNet 91.34%
VGG-19 90.97%
Inception 90.59%
Proposed model (this work) 97.43%

1.4.2 Results

The average classification accuracy (ACA) of the testing images is consid-
ered the evaluation metric. The existing works are compared with the pro-
posed model.

1.4.2.1 Patch-based classification

In this section, the proposed model is compared with existing works like
AlexNet [12], ResNet [13], DenseNet [14], VGG-19 [15], and Inception [16]
on slice-based testing datasets. The obtained results are given in Table 1.2.
The results show that the proposed network achieves high performance, i.e.,
an accuracy of 97.43%. This is 5% more than the high-performance network.
The proposed network has fewer layers when compared to the existing net-
works. The existing methods alleviate the problem of overfitting, which is not
there in the proposed network.

1.4.2.2 Slice-based classification

The gastric slice images are tested with 2945 cancerous images and 1349
non-cancerous images. The proposed SC-Net module in the proposed model
is compared with other benchmarking networks, and the results are presented
in Table 1.3. The slice-based classification accuracy of the proposed network
is significantly higher than the existing methods.
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Table 1.3 Comparison of the slice-based ACA in various models.

Model ACA
AlexNet [] 95.45%
ResNet [] 95.72%
DenseNet 96.43%
VGG-19 97.27%
Inception 98.65%
Proposed model 99.82 %
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Figure 1.6 Diagnostic performance of the proposed model at various magnification rates in
training and validation phases.

Internal validation of the model achieved the AUC score of 0.995. The
AUC score of the model highly relies on the magnification rate of the images.
The differences in the accuracy at different magnification rates were stati-
cally significant. The results are given in Figure 1.6.

1.4.2.3 SHAP analysis

The (Shapley additive explanation) SHAP analysis framework is adopted in
the proposed framework because of its diversified properties. In this frame-
work, the prediction variability is distributed among available covariates.
The contribution of explanatory variable prediction at each point is assessed
as the underlying model. The SHAP analysis results in the Shapley values
demonstrating the model predictions as the binary variable linear combina-
tion that describes the presence of the covariate in the proposed model or not.
The SHAP algorithm estimates the prediction p(x) linear function of binary
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variables where z belongs to {0,1}" and the quantities belong to a real num-
ber, defined in eqn (1.1).

N
P(N')=0y+ > o.N; (1.1)
i=1

where N is the count of explanatory variables.
Eqn (1.2) shows the properties of the local accuracy, consistency, and
missingness obtained at each variable:

[~ 1lca -
(p,x)=
;(p,x) Z ~
In the function fin the proposed model, x is the available variable and x’ will
be the selected variable. The Shapley variables differ in the mean at the ith
variable.

' _1)
'|)C | ||p(x')—(z')|. (12)

1.5 Conclusion

In this study, a novel deep-learning framework is presented for detecting gas-
tric cancer. In this framework, different architectures were adopted at shallow
and deep layers, i.e., MSN-module and In-Net module. The proposed frame-
work is evaluated on BOT gastric dataset, and the results show that the model
is robust and effective. The model also outperforms well-existed frameworks
with fewer layers. The average classification accuracy of the model at the
pixel level is 99.82%. This work can be improved further by integrating white
light endoscopic images based prediction and the H&E-stained images for
finer and early predictions at the root levels of the tumor.
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