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= ABSTRACT - Breast cancer is a significant contributor to the increasing global mortality rate, especially among women.
The problem of delayed cancer diagnosis is a major concern as it leads to reduced effectiveness of treatment and higher mortality
rates. This research aims to create a predictive model for breast cancer relapse. Various machine learning methods were used to
achieve accurate predictions of cancer relapse. In order to achieve enhanced predictive outcomes in the case of breast cancer relapse
images, the hybrid approach of machine learning approaches, including complex decision tree, quadratic support vector machine,
Gaussian medium support vector machine, ensemble subspace k nearest neighbor, and extreme learning machine, are used as
classifiers and deep transfer learning approaches including Alexnet, GoogleNet, EfficientNet, VGG-19, and ResNet-18 are used as
feature extraction techniques, is proposed. The proposed hybrid approaches were evaluated using various performance metrics. It
was found that the ELM classifier applied to the featured extracted dataset is the most suitable for predicting cancer relapse with
enhanced achievements with 97.08% accuracy, 97.41% precision, 98.26% sensitivity, 94.64% specificity, 97.83% f-score, 96.45%

balanced accuracy and 0.986 AUC. This proposed hybrid approach has the potential to improve cancer relapse prediction.
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1. INTRODUCTION

Breast cancer is one of the most frequently occurring cancers in
women around the globe. Most breast cancer patients are
successfully treated and cured as well. Due to the modern and
improved medical treatments, invasive cancers affect women
with breast cancer most frequently. According to a 2018 WHO
report, Cancer in the breast is the most commonly occurring
life-threatening disease in women. As per estimates, deaths due
to breast cancer are around 2.1 million. These statistics show
that breast cancer is dangerous and regularly found Cancer in
women. Aside from this, patients may encounter cancer relapse
in the breast in 10 years after the treatment of Cancer is done
successfully [1].

Breast cancer recurrence is highly prevalent, even if successful
treatments and better post-medical care are taken at repeated

intervals to put the illness into remission. In general, recurring
Cancer in any part of the body has been seen in most
individuals; however, among all cancers, breast cancer flare-up
is more regular. Relapse of breast cancer is a significant medical
symptom that causes a high rate of death [2]. In recent years,
significant research has been carried out on the recurrence of
breast cancer that may cause very serious consequences,
including death [3]. Cancer relapse is the reoccurrence of
Cancer after successful cancer treatment. A recurrence of
cancer occurs when it reappears after a period of remission. A
cancer recurrence occurs because, despite all efforts to
completely eradicate your Cancer, some cancerous cells persist
[4]. The dread of cancer relapse can impair the essence of life,
and about 7% of cancer patients have acute, capacitating fear,
including persistent invasive thoughts that create the
misunderstanding of minor, unrelated symptoms. Keeping the
same importance, the paper collected some information
regarding relapse estimation, 50% in the case of bladder cancer
[5], 30%, 5% to 9% with inactive drugs during a median of 10.6
years in case of breast cancer [6], around 30% of distinguished
thyroid malignancy 8% to 14% following operation due to
containing thyroid lymphoma in case of thyroid cancer [7, 8],
and 13%, 49% after a full recovery from tyrosine kinase
inhibitor therapy in case of kidney cancer [9].

Jasti et al. [10] developed a computational technique based on
ML and image processing for medical image analysis of breast
cancer diagnosis considering ML approaches, i.e., SVM, KNN,
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RF, Naive Bayes (NB) on the Mammogram image dataset. They
resulted in an enhanced accuracy of 96.5%. Wetstein et al. [11]
proposed a DL-based breast cancer grading and survival
analysis on whole-slide histopathology images considering
Multiple instance learning (MIL) based DL approach on H&E
WSI from young breast cancer patients’ dataset and resulted in
80.0% accuracy. Yang et al. [12] proposed a prediction of
HER2-positive breast cancer recurrence and metastasis risk
from histopathological images and clinical information via
multimodal considering DL approaches, i.e., RF, Convolutional
Neural Network (CNN) on H&E WSI from young breast cancer
patients’ dataset and resulted in 0.76 AUC. Howard et al. [13]
introduced the integration of clinical features and DL on
pathology to predict breast cancer recurrence assays and risk of
recurrence considering the DL approach, i.e., Xception-based
CNN on TCGA breast cancer recurrence dataset. They resulted
in 0.83 AUC, 76.0% external validation cohort, and 0.0005 p-
value. Su et al. [14] developed BCR-Net: A DL framework to
predict breast cancer recurrence from histopathology images
considering DL approaches, i.e., CNN on H&E WSI and
Ki67dataset and resulted in for H&E WSI: 0.775 AUC, 70.0%
accuracy, 68.9% low- risk, 71.1% high-risk, 70.0% F1-score
and for Ki67 & WSI: 0.811 AUC, 80.0% accuracy, 80.8% low-
risk, 79.2% high-risk, 79.2% F1-score.

The focus of the research is to classify the statistics of cancer
relapse using different machine-learning techniques. The
objectives of this research work can be summarized as follows:
To extract the features from the considered image dataset using
the AlexNet CNN method.

To apply ML techniques such as CDT, GMSVM, QSVM,
ESKNN, and ELM.

To evaluate the performance of the proposed model using five
different evaluative parameters.

2. MATERIALS AND METHODS

The materials and methods in the present research and the
cancer relapse dataset obtained from different data sources are
tested in this work. The current work utilizes the Contrast
Limited Adaptive Histogram Equalization (CLAHE) method to
enhance picture contrast. Subsequently, the various DTL
approaches are used to extract texture characteristics from the
images. Next, the collected features are evaluated using five
distinct ML classifiers detailed in the section.

2.1 Dataset Description and Pre-processing

A total of 123 individuals with HER2-positive breast cancer
diagnoses were included in this research [15]. The Cancer
Genome Atlas (TCGA) database was used to get the histology
images stained with hematoxylin and eosin (H&E). It was
shown that 26% of the people whose lymph nodes tested
positive for breast cancer were younger than 50 years old. There
is a total of 88 H&E-stained whole slide images (WSIs)
preserved in formalin-fixed paraffin-embedded (FFPE) format
and 53 flash-frozen WSIs of breast cancer. There were five
cases of relapse or metastasis among these WSIs. Patients with
relapse or metastasis are represented by positive samples
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(labeled 1), whereas patients who did not have these problems
are represented by negative samples (labeled 0). This makes it
easier to explain and calculate what follows. In the considered
TCGA dataset, the number of instances is 123, which can be
stated parameters-wise as stages of tumor (Stage I: 14, Stage II:
77, and Stage 1lI: 32), ER (-ve: 33, +ve: 90), PR(-ve: 50, +ve:
73), lymph node status (-ve: 58, +ve: 65), age in years (<50: 34,
>= 89), and outcome (relapse: 5, non-relapse: 118).

2.2 Preprocessing: CLAHE

Splitting an image into tiny, non-overlapping tiles is what
contrast-limited adaptive histogram equalization (CLAHE)
does to boost the local contrast [16]. Each tile's pixel intensity
values are used to create a histogram. To keep noise levels from
getting too high, the cumulative distribution function of the
histogram for each tile is clipped at a certain limit (CP Limit).
Using clipping ensures that the brightness of each pixel stays
below a certain limit. After that, we use the clipped CDF to
build a lookup table that converts the raw intensity values to
their histogram-equalized equivalents. Finally, the image is
transformed pixel-by-pixel using the lookup table, which
improves local contrast without changing the image's overall
quality. The detailed working of CLAHE is as follows:

Divide the original image into small, non-overlapping tiles.
For each tile, compute the cumulative distribution function (C)
as in equation (1):

. L H(k
C(0) = Heel )
Where C (i) is the cumulative distribution function at intensity
level i, H(k) is the histogram value at intensity level k and
M x N is the dimension of the image. H (k) can be defined as
equation (2).

H(k) =
zo 3

if the pixel intensity at position (m,n) = k(2)
0, Otherwise

Clip the C to limit the contrast level for the current intensity
level K Ceiippea(k) Calculate the Histogram equalization
Lookup Table (ELT) for the calculated C;,peq (k) by rounding
the value to the nearest integer as in equation (3).

ELT (k) = Round(Ceiippea (k) * 255) ?3)

Apply ELT to each individual pixel to find the enhanced pixel
value.

2.2 Deep Transfer Learning (DTL) Approaches
Employed

The following DTL techniques are used on the above dataset for
accuracy prediction. In traditional approaches, the researchers
use manual techniques to extract features from the high-density
cancerous zone. Even after a lengthy extraction process,
handcrafted features may not be able to distinguish cancerous
parts. New DTL techniques are gaining attention due to their
high classification accuracy, consistency, and lack of handmade
features. Training the DL, especially the DTL, to find and
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extract the greatest features is its main value. This paper's DL
techniques extracted essential characteristics using several
DTLs. DTL networks have three layers: convolutional, pooling,
and fully connected (FC). Convolution layers extract
characteristics, whereas FC layers classify attributes by input
type, and Pooling reduces feature map and network parameter
dimensions. This study is evaluated on DTL using AlexNet,
GoogleNet, ShuffleNet, VGG-16, and ResNet-18 architectures
[17].

This study employed an AlexNet model with five convolution
layers, five pooling layers, and two fully linked layers, as
depicted in figure 1. Each convolution neuron produces a dot
product with the Weights and the input-connected local area.
Pooling layers down-sample preceding layers to decrease
processing.
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Figure 1. Architecture of AlexNet DTL

In this work, GoogleNet is used to have a 12-layer DTL
architecture based on Inception-vl. Each GoogleNet layer
comprises ten inception units, followed by an FC layer before
the output. With a maximum pooling layer, GoogleNet contains
many Inception modules that are weighted against one another.
Despite being twelve times less complicated to train than
AlexNet, GoogleNet is extraordinarily deep, and its architecture
is depicted in figure 2.
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Figure 2. Architecture of GoogleNet DTL

ShuffleNet, the lightweight and computationally efficient CNN
model, was first proposed by Zhang et al. [18], which uses
channel shuffling. The two primary building pieces of a
ShuffleNet building block, SBB1 with stride as one and SBB2
with stride as two, are depicted in Figure 3. Here, the network
framework consists of three stages: Stage-1 (one SBB2 block
with two SBBL1 blocks), Stage-2 (one SBB2 block with three
SBB1 blocks) and Stage-3 (one SBB2 block with two SBB1

blocks).
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Figure 3. Architecture of ShuffleNet DTL
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The visual geometry group (VGG), as depicted in figure 4, is a

structure of DTL like AlexNet. The system outperforms the
AlexNet framework by gradually upgrading multiple modest
2x2 filters found in the max-pooling layer to kernel-sized 3x3
filters located in the convolution layer. In the kernel-sized filter,
the first convolutional layer is represented by 11, while the
second convolutional layer is represented by 5. The output has
two FC layers total and is actuated by a sigmoid function. For
the current work VGG 16 is used.

T

Figure 4. Architecture of VGG-16 DTL

Residual networks (ResNet) are a modern medical imaging
architecture used in ImageNet identification, localization, Coco
segmentation, and detection. ResNet's main construction block
is residual. This method skips many convolution layers by
adding residuals between traditional DCNN levels. It adds extra
deep layers and leverages leftover shortcuts to speed up
convergence. ResNet has several residual block stacks. Each
block has layered convolution layers. Each convolution layer
receives the feature map's output fields. Identity mapping paths
combine residual block outputs with inputs. This study includes
ResNet-18, displayed in figure 5.

11

Figure 5. Architecture of ResNet-18 DTL

2.3 Machine Learning and Statistical Approaches
Employed

The following ML techniques are used on the above data set for
accuracy prediction [19 - 21].

e Complex Decision Tree (CDT) classifier: Regression and
classification difficulties are fixable using the supervised
learning process known as a decision tree, but classification
problems are its most typical application. It is a tree-based
classification  technique featuring internal  nodes
representing dataset characteristics, branches reflecting the
decision-making procedure, and each leaf indicating the
classification result. A DT has two types of nodes: the
Decision Node and the Leaf Node. Decision vertices make
decisions with numerous branches, whereas leaf nodes
always reflect the results of judgments with no more
branches.

e Quadratic Support Vector Machine (QSVM): A
Quadratic Support Vector Machine (Quadratic SVM) is a
version of the normal Support Vector Machine (SVM) that
addresses non-linear classification problems by including a
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quadratic kernel module. In contrast to a linear SVM,
which constructs a hyperplane to separate data in its
original feature space, a quadratic support vector machine
(SVM) employs a quadratic kernel to transform the data
into a higher-dimensional space.

e Gaussian Medium  Support Vector Machine
(GMSVM): The GMSVM is a subclass of SVM that maps
data points into a higher-dimensional space using a
Gaussian kernel function. This makes it easier to discover
the best hyperplane to divide the data into distinct classes.
The word "medium” refers to the variables used in the
Gaussian kernel function to determine the kernel's width
and, thereby, the decision boundary smoothness.

e Ensemble Subspace K Nearest Neighbor (ESKNN): The
ESKNN integrates the tenets of ensemble learning with the
k-NN algorithm to strengthen the reliability and accuracy
of predictions. This technique involves training several k-
NN models on distinct subspaces of the feature space,
where each subspace stands for a distinct view of the data.
To better understand the distribution of the underlying data,
Ensemble Subspace k-NN uses a variety of these models.
This variety improves the ensemble’s capacity to generalize
and decreases overfitting.

e Extreme Learning Machine (ELM): The ELM is a kind
of ML known as a single-hidden-layer feedforward neural
network (SLFN). ELM's computational efficiency and
simplified training technique are its defining features.
Unlike traditional neural networks, ELM starts with
randomly assigned weights for the input and hidden layers
rather than relying on gradient descent for recurrent weight
adjustments. Randomization is a powerful tool for
improving learning efficiency. Furthermore, after
initializing the hidden layer weights, ELM instantly applies
a linear system solver to determine the output weights,
eliminating the requirement for repeated weight updates.

2.4 Proposed Model

This ML and DTL-based hybrid approach employs the TCGA
data and utilizes the CLAHE method to enhance picture
contrast. Subsequently, the various DTL approaches, including
AlexNet, GoogleNet, EfficientNet, VGG-16, and ResNet-18,
are used to extract texture characteristics from the images. Next,
the collected features are evaluated using five distinct ML
classifiers: CDT, QSVM, GMSVM, ESKNN, and ELM. The
detailed workflow of the proposed model is represented in
figure 6. The working of the proposed model is summarized as
follows:

Load the histology images from the TCGA database.

Covert the images to the grayscale level.

Image preprocessing

Initialize the basic parameters of CLAHE, such as clip limit and
grid size

Implement CLAHE to increase the contrast level of an image
Prepare the Dataset for Feature Extraction

Select the Pre-trained DTL models (AlexNet, GoogleNet,
EfficientNet, VGG-16 and ResNet-18)
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Resize the image for different DTL models

AlexNet
o Resize the images to 256 x 256 pixels from its
original size
GoogleNet
o Resize the images to 224 x 224 pixels from its
original size
EfficientNet
o Resize the images to 224 x 224 pixels from its
original size
VGG-16
o Resize the images to 224 x 224 pixels from its
original size
ResNet-18
o Resize the images to 224 x 224 pixels from its
original size

Extract the feature vectors.

Combine the features to form a texture dataset.
Split the dataset with a test size of 0.2
Apply the ML Classifiers to the training set
CDT

QSVM

GMSVM

ESKNN

ELM

Apply the test set to the trained model
Evaluate the performance of the dataset

Tminingl
> set
(80%)
Image Data
Pre-processing
Test
Model
Feature (20%)
Extraction
Y
Performance
Evaluations

Figure 6. Workflow of the Proposed Work.

3. RESULTS AND DISCUSSION

The proposed model is implemented with a system that has
Windows 11 OS, an Intel core i7 processor with 4.2 GHz clock
speed, 16 GB RAM, 500 GB SSD, and 1 TB of HDD. The
performance measure parameters play an important role in
realizing an accuracy and an accurate model. Five different
evaluative parameters, including accuracy, sensitivity,
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precision, specificity, and F-score, are considered for evaluating
the performance of the proposed model, and they can be defined
using equations (15)-(20). TP, TN, FP, and FN represent the
True Positive, True Negative, False Positive, and False
Negative, respectively.

Accuracy=((TP+TN))/((TP+FP+FN+TN) )
Sensitivity = TP/(TP + FN) (5)
Precision=TP/(TP + FP) (6)
Specificity = TN/(TN + FP) (7

F-Score= (2xPrecision x Sensitivity)/ (Precision+ Sensitivity) (8)
BA = (Sensitivity+ Specificity)/2 9)

Table 1 shows the proposed model's performance with different
classifiers and the DTL-based feature extraction. The critical
analysis of the proposed models can be summarized as follows:
The proposed model with DTL, in addition to the CDT
classifier, shows an accuracy of 92.98% with other parameters,
including precision, sensitivity, specificity, F-score, and BA as
94.07%, 95.69%, 87.27%, 94.87%, and 91.48% respectively.
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The proposed model with DTL with Quadratic SVM shows an
accuracy of 93.57%. The other parameters, such as precision,
sensitivity, specificity, F-score, and BA for DTL+QSVM, are
94.87%, 95.69%, 89.09%, 95.28%, and 92.39%, respectively.

The proposed DTL+GMSVM shows an accuracy of 94.15%
with precision, sensitivity, specificity, F-score, and BA as
94.92%, 96.55%, 89.09%, 95.73%, and 92.82%, respectively.
Considering the DTL with ESKNN classifier produces an
accuracy of 94.74%. For the DTL+ESKNN model, the other
parameters, including precision, sensitivity, specificity, F-
score, and BA, are 95.76%, 96.58%, 90.74%, 96.17%, and
93.66%, respectively.

Similarly, considering the DTL with ELM classifier produces
an accuracy of 97.08%. For the DTL+ELM model, precision,
sensitivity, specificity, F-score, and BA are 97.41%, 98.26%,
94.64%, 97.83%, and 96.45%, respectively.

After comparing the above-stated models, it was found that the
DTL+ELM model outperforms other classifiers, with the best
accuracy obtained at 97.08%.

7 Table 1. Performance of the Proposed Model with
Different Classifiers

. - AUC
Proposed Findings (in %)
Approaches Accuracy Precision Sensitivity Specificity F-score BA
DTL+CDT 92.98 94.07 95.69 87.27 94.87 91.48 0.898

93.57 94.87 95.69 89.09 95.28 92.39 0.938
DTL+QSVM

94.15 94.92 96.55 89.09 95.73 92.82 0.962
DTL+GMSVM

94.74 95.76 96.58 90.74 96.17 93.66 0.978
DTL+ESKNN

97.08 97.41 98.26 94.64 97.83 96.45 0.986
DTL+ELM

Receiver Operating Characteristic (ROC) Curve

=3
o
\
\

Tue Positive Rate (TPR)
LY

04 ‘ P
.
-
1
o —— (AUC for DTL+CDT = 0.898)
02 Y (AUC for DTL+QSVM = 0.938)
P —— (AUC for DTL+GMSVM = 0.962)
s —— (AUC for DTL+ESKNN = 0.978)
.
577 (AUC for DTL+ELM = 0.986)
00 :
0.0 02 04 06 08 10

False Positive Rate (FPR)

Figure 7. AUC-ROC Curves obtained from the proposed hybrid
approaches

The Receiver Operating Characteristics (ROC) curve
graphically shows the binary classification model's efficacy.
This is the relationship representation between the TPR and the
FPR for various classification levels. The AUC for DTL-based

hybrid approaches considering classifiers CDT, QSVM,
GMSVM, ESKNN, and ELM are 0.898, 0.938, 0.962, 0.978,
and 0.986, respectively, among which DTL+ELM shows the
best AUC score of 0.986 and can be considered as the proposed
hybrid approach. Figure 7 shows the ROC with AUC values for
different proposed hybrid approaches.

In order to show the novelty and significance of the study, we
come across a comparative analysis at the last stage of the study.
However, comparing them with other state-of-the-art works is
quite difficult, as they use different datasets. Table 2 shows the
comparative analysis of the study. It can be observed that this
proposed work outperforms in some cases and falls short in
some cases based on various performance parameters included
for comparisons. Most of these considered works have not
included balanced accuracy and precision as the performance
evaluation parameters; however, most of these studies include
parameters of accuracy, sensitivity, specificity, and AUC to
show the importance of their works.
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Table 2. Comparative analysis of the proposed work with other considered state-of-the-art works

Work Findings (in %) AUC
or Accuracy Precision Sensitivity Specificity F-score BA

Jastii et al. [10] 96.50 - - - - - -
Wetstein et al. [11] 80.00 - - - - - -

Yang et al. [12] ) - - - - - 0.76
Howard et al. [13] ) 3 - - - - 0.83

Su et al. [14] 80.00 - - - 79.20 - 0.811
Proposed Work 97.08 97.41 98.26 94.64 97.83 96.45 0.986

4. CONCLUSION [2] B. Sahu, A. Panigrahi, S. K. Rout and A. Pati, "Hybrid Multiple Filter

This work involved a study, comparison, and assessment of the
efficacy of multiple ML classifiers for cancer relapse prediction
in breast cancer patients. The various DTL approaches
employed in this study are Alexnet, GoogleNet, EfficientNet,
VGG-19, and ResNet-18 for feature extractions from the breast
cancer relapse image data. Then, several ML classifiers, such as
CDT, QSVM, GMSVM, ESKNN, and ELM, were applied to
the extracted features for classification and prediction. Several
performance metrics, such as accuracy, f-score, precision,
specificity, sensitivity, and AUC, were included during the
experiments. It can be observed that from various experiments,
the ELM classifier applied to DTL applied featured extracted
dataset is the most suitable for predicting cancer relapse with
enhanced achievements 97.08% accuracy, 97.41% precision,
98.26% sensitivity, 94.64% specificity, 97.83% f-score, 96.45%
balanced accuracy and 0.986 AUC, which is found to be
optimum as compared to others.

This proposed hybrid approach has the potential to improve
cancer relapse prediction. It can be realized that the proposed
approach could be suitable for reinvestigating cancer relapse.
The plan is to apply the proposed hybrid approach to other
disease image data in the future, along with some more DTL-
based feature extraction techniques and several ML and DL
approaches to be employed.
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