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ABSTRACT

The most common disease that can be seen in women is breast
cancer. According to 2021 statistics it was found that 281,550 new
cancer cases were discovered in US. Due to rapid increase in
death because to breast cancer, there is a need to find an effective
solution to this problem. As we know that ML algorithms helps
in providing solution with better accuracy. In this paper we have
applied several ML algorithms like DT (Decision tree), RF
(Random Forest) Classifier, NB (Naive Bayes) classifier, KNN,
ADABOOST, GBDT, SVM (Support Vector Machine), SGD, RF
(Random Forest) Classifier. And we have applied feature
selection to extract best attributes so that ML classifier can
provide better accuracy to our model and helps in saving life of
many peoples. The accuracy of GDBT is 97%, SVM classifier is
96.4% , ADABOOST is 96%, SGD is 94% , RF classifier is 92%,
KNN is 90% DT classifier 90% and NB classifier 90% . Out of
all GBDT provides best accuracy which is 97%.
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1. INTRODUCTION

Breast cancer is deadly as it affects million people and is the
reason of about 40,000 deaths across the world. It is caused due
to access built-up of cells in particular area of breast. It can be
benign or malignant tumor. If not treated it can be deadly and can
also be a reason for death of patient. It can be detected by X-ray.
Early detection can save patients life and if not detected timely it
can case the death of patient [1]. So, due to advancement in
medical science various advance technologies like x-ray, CT scan,
etc. have been developed from which we can easily detect cancer
at very early stage which can help to save patient’s life.

The reason of cancer is due to increment in dead cells of body
part. The field of artificial intelligence helps in providing better
results in healthcare with cost reduction and enhanced efficiency.
For the breast cancer diagnosis different machine learning
algorithms are used [2]. Previously cancer detection was
predicted on the basis of doctor’s observation on different
patient’s symptoms, but this method detects only 70% patient’s
accurately and rest remains undetected, due to which some
machine learning models were trained which helped in earlier
detection of cancer in patients and saves life of many people as it
is more accurate.

It is found that breast cancer cases are increasing every year. An

article says that every year 200,000 new cases are found. The
traditional method was not that effective as it was only based on
the experience of pathologist’s who were working in health care
for more than 15 years and they discovered it by the symptoms
which doesn’t gives 100% accurate result so we make use of ML
algorithm for improved accuracy [3].

Breast cancer is devastating since it affects millions of individuals
and accounts for roughly 40,000 deaths worldwide. It is caused
by a build-up of cells in a specific location of the breast. Tumors
can be benign or cancerous. It can be fatal if not treated, and it can
also lead to the patient's death. X-ray detection is possible. Early
detection can save a patient's life, while late detection can result
in death.

With advent of medical report and the fast evolution in
information technology and practical wisdom, the use of high-
tech analysis of data technologies in development of a durable
forecasting model has become the focus of recent analysis.
Traditional speculative models based on previous fiction often
consider relationships among the dependent species; in contrast,
ML has the ability to read data models by default [4].

In [5], the TNM are the elements in which anatomic stage
depends; in TNM: T means tumor, N means affected lymph nodes
and M means distant metastasis. In anatomic stage predictive
effect of tumor was not addressed. It states that cancer victims
with a high degree of anatomic but desirable tumor biology have
better care than those with low levels adverse tumor biology and
anatomic phase.

The paper below is organized into different sections. Literature
review provides information about the previous researches which
is given in paragraph 2. Background deals with different
techniques used in the paper. Next phase discusses about
preprocessing of dataset. The outcome of various ml algorithms
is given in results. In final phase we cover our work [6].

2. LITERATURE REVIEW

Using Ensemble learning we can easily detect the data of patients
suffering from breast cancer. The aim of the paper is to resolve
the issue of breast cancer by building decision support system
with the help of ensemble learning [7].

Due to progress in genomic research, we are able to use best
medical facilities in clinical management of breast cancer. So, we
can conclude that among all the machine learning algorithms
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applied SVM was best classifier. As it has less miss classification
errors than other algorithms applied in this paper [8].

The rate of survival is decreasing for those patients who have
diagnosed at higher stages as related to those whose cancer
predicted at early stages. In recent paper, two folds is the main
aim of the paper, the first one is to enhance the function of CAD
system for early prediction of cancer and the second one is to find
most applicable biomarkers of detection of breast cancer [9].

For breast cancer accuracy, we present a FPNN (feature pyramid
nonlocal network) with TMEL (transform model ensemble
learning) [10]. To study the breast cancer level stochastic model
was used as it used the scientific method. To study more about
breast cancer four models were studied and those are breast cancer
history, treatment of breast cancer, detection of breast cancer and
mortality breast cancer [11].

The methods related to ML have been applied increasingly for
detection of tumor at early stage with best results. Some models
may confuse doctors because some models are hard to understand
[12]. The limitations of some study were low due to insuffient
prediction of dataset which was found inconsistent with other
predictive studies [13].

In this model it was found that model was developed on the bases
of gene expression feature. From this research paper we can
conclude that the model can be improved by taking more clinical
data and using more ml algorithms [14]. Mitotic nuclei have a
prognostic significance in examine cancer grading system and
aggressiveness. The automated assement of it is challenging due
to its similarities with non-mitotic nuclei [15].

In research deep learning model is used which depends on transfer
learning technique for effective detection of cancer in effective
area. Two methodologies, specifically the 80-20 rule and cross-
validation, are employed. We got .993 for 10- fold cross
validation method and .995 for 80-20 method [16].In deep
learning methods, visualize an interesting area of deep neural
tuned networks using attention maps to describe the decision-
making process and improve the clinical interpretation of the
proposed models [17].

If cancer is detected at early stage than it can improve mortality
rate. Images are the source of detection and diagnosis of cancer in
affected area. By frequently research in area of machine learning
it has improved the detection of cancerous cells [18]. 30% of
among women diagnosed with advanced breast cancer have been
diagnosed with benign breast cancer. It is therefore important to
identify features among BBD patients that raise the risk of
invasive cancer [19].

Based on ERBB2 gene detection anti ERBB2 treatment is
provided to the ERBB2 positive breast cancer patients. Machine
learning algorithms helps in prediction of ERBB2 amplification
based on morphological features of tumor [20].

Algorithms based on artificial intelligence are used in medical
fields to enhance patients care.Al algorithms are used as they
provide result with better performance measure. Cardiovascular
radiologists help in training the system with the help of
multicenter data [21]

Recent paper covers five learning models: Bagging, Stacking,
Voting, Adaboost and Bayesian Boosting used in four categories:
DT, ANN, NB and KNN. The aim is to determine which stage or
sub-set of compound combinations achieves the highest accuracy
in differentiating red blood cells for anemia. From the results it is
clear that among the merging methods, the stacking stitching
method achieves the highest accuracy. During each phase the
Artificial Neural Network does very well and the K-Nearest
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neighbor does very badly [22].

3. PROPOSED FRAMEWORK
3.1 Dataset

The suggested model utilizes the Wisconsin Diagnostic Breast
Cancer dataset sourced from the UCI repository. This dataset was
curated by Dr. William H. Wolberg at the University of
Wisconsin and was established in the year 1995. The dataset
comprises 569 instances, with 212 instances characterized as
malignant and 367 instances classified as benign. This
distribution indicates that 37.46% of the instances correspond to
malignant tumors, while 62.74% are associated with benign
tumors. The dataset is derived from the WDBC dataset,
containing a total of 32 attributes. It is noteworthy that the dataset
is free from any missing values. The information is stored in an
Excel sheet, encompassing a comprehensive set of 32 attributes.

3.2 Methodology

I In this section, we outline the procedures followed in our model,
as illustrated in Fig 1.

I Data Preprocess |

| Dividing dataset |

Classifier
Evaluation

Performance
Measure

Best Classifier

Fig 1: Methodology

3.2.1 Naive Bayes (NB) Classifier

Naive Bayes is a probabilistic classifier based on Bayes' theorem,
assuming that the features are independent. Despite its simplicity
and the unrealistic assumption of feature independence, Naive
Bayes has proven effective in various machine learning
applications, such as spam filtering, text classification, and
medical diagnosis.

3.2.1.1 Bayes' Theorem
Calculates the probability of a class given a set of features.

3.2.1.2 Independence Assumption
Assumes each feature independently contributes to the probability
calculation.

3.2.1.3 Applications
Particularly effective for high dimensional data, especially in text
classification where word occurrences are treated independently.

3.2.2 Support Vector Machine (SVM)

Support Vector Machine (SVM) is a powerful supervised learning
algorithm used for both classification and regression tasks. It
works by finding the hyperplane that best separates the data into
classes.

3.2.2.1 Hyperplane Definition
Constructs an (n1) dimensional hyperplane in an n dimensional
space.

3.2.2.2 Maximizing Margin

44



Aims to maximize the margin between the closest data points
(support vectors) of different classes.

3.2.2.3 Kernel Trick

Efficiently performs nonlinear classification using kernel
functions (e.g., polynomial, RBF), implicitly mapping inputs into
high dimensional feature spaces.

3.2.2.4 Applications
Widely used in text categorization, image recognition, and
bioinformatics.

3.2.3 KNN

K Nearest Neighbor (KNN) is one of the simplest yet effective
classification algorithms. It operates on the principle that similar
data points are near each other.

3.2.3.1 Algorithm Basics

Identifies the 'k’ closest training examples for a given data point
and assigns the most common class among them.

3.2.3.2 Distance Metrics

Commonly used metrics include Euclidean, Manhattan, and
Makowski distances.

3.2.3.3 Execution and Performance

KNN's performance heavily depends on the choice of 'k’ and the
distance metric. It is effective for smaller datasets and
applications where interpretability is crucial but can be
computationally expensive for large datasets.

3.2.3.4 Applications
Useful in anomaly detection,
recommendation systems.

3.2.4 Stochastic Gradient Decent (SGD)

Stochastic Gradient Descent is an iterative method for optimizing
an objective function with suitable smoothness properties. It is
particularly useful for largescale learning.

3.2.4.1 Gradient Descent
Optimizes by updating parameters in the opposite direction of the
gradient of the objective function.

3.2.4.2 Stochastic Approach

Uses a single data point or a minibatch to compute the gradient,
reducing computation time and often leading to faster
convergence.

3.2.4.3 Benefits and Challenges

Can handle large datasets efficiently and is relatively simple to
implement, but requires careful tuning of hyperparameters such
as learning rate and batch size.

3.2.4.4 Applications
Frequently used in deep learning and for training largescale linear
models.

3.2.5 ADABOOST Classifier

Adaptive Boosting, or ADABOOST, is an ensemble learning
method that combines multiple weak classifiers to form a strong
classifier.

pattern recognition, and

3.2.5.1 Weak Learners
Typically uses simple models like decision stumps (single level
decision trees).

3.2.5.2 Boosting Process
Each subsequent model focuses on the errors of the previous
models, with the final model being a weighted sum of the
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individual weak learners.

3.2.5.3 Advantages
Robust to overfitting and enhances the performance of weak
classifiers.

3.2.5.4 Applications
Used in various domains including face detection, text
classification, and binary classification tasks.

3.2.6 Gradient Boosting Decision Tree

Gradient Boosting Decision Tree is an ensemble technique that
builds models sequentially, with each new model correcting the
errors of the previous ones.

3.2.6.1 Boosting Mechanism
Uses gradient descent to minimize the loss function, iteratively
improving the model.

3.2.6.2 Combining Weak Learners
Constructs an additive model by combining weak learners
(typically decision trees) to create a strong learner.

3.2.6.3 Handling Overfitting
Regularization techniques, such as shrinkage and subsampling,
help reduce overfitting.

3.2.6.4 Applications
Extensively used in fields like finance, insurance, and predictive
analytics due to its high accuracy and flexibility.

By leveraging these machine learning techniques, this
methodology ensures a comprehensive approach to differentiating
red blood cells for anemia and diagnosing breast cancer. The
detailed steps and the rationale behind choosing these models
provide a robust framework for achieving high accuracy and
reliability in the predictions.

4. RESULT

4.1 Data Pre-Processing

There are total 32 attributes in our database and that are
id,concavity __mean,fractionaldimensional__worst,radius__mea
n,perimeter__se,radius__worst,area__mean,symmetry__se,textu
re__worst,smoothness__mean,texture__se,concavepoints__wors
t,compactness__se,radius__se,concavity _se,texture__mean,con
cavity__worst,concavepoints__mean,concavepoints__se,area__
worst,fractionaldimension__mean,area__se,smoothness__worst,
compactness__mean,fractionaldimension__se,symmetry__worst
,symmetry__mean,compactness__worst,smoothness__se,perimet
er__mean,parameter__worst,diagnosis

Firstly, we generate a scatter plot matrix using the following
"mean" columns: diagnosis, concavity mean, fractional
dimension mean, compactness mean, radius mean, concave points
mean, symmetry mean, smoothness mean, texture mean, area
mean, and perimeter mean. Upon analysis, we observe a high
linear relationship (multicollinearity) among the attribute’s
radius, area, and perimeter. Additionally, another set of variables
indicating potential multicollinearity includes concave points,
compactness, and concavity. To address this, we decide to retain
only one of these variables, opting for Compactness.

To streamline the dataset, we begin by excluding all "worst"
columns, such as compactness worst, radius worst, concave points
worst, smoothness worst, fractional dimension worst, concavity
worst, texture worst, area worst, symmetry worst, and perimeter
worst. Subsequently, we eliminate all columns associated with the
"perimeter" and "area" attributes, namely perimeter mean, area se,
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perimeter se, and area mean. Finally, we remove all columns
related to the "concavity" and "concave points" attributes,
including concave points se, concavity mean, concavity se, and
concave points mean.

Final elements and the heat map with the new correlation matrix
are diagnosis, fractal dimension se, symmetry mean, radius mean,
texture mean, radius se, symmetry se, smoothness mean,
compactness se, compactness mean, texture se, fractal dimension
mean, smoothness se.

4.2 Feature Section

Feature selection deals with identifying attributes that are best
when designing a new model. It helps in reducing the input
attributes number which helps in enhancing the performance and
reducing cost of model.

In table 1, we have mentioned all the original 32 features used in
the model.

Table 1. Original Features

S. No Original Features
1. ID
2. FRACTIONAL DIMENSIONAL__WORST
3. RADIUS__MEAN
4. PERIMETER__SE
5. RADIUS__WORST
6. SYMMETRY__SE
7. TEXTURE__WORST
8. SMOOTHNESS__ MEAN
9. TEXTURE__SE
10. CONCAVE POINTS__WORST
11. AREA__MEAN
12. COMPACTNESS__SE
13. CONCAVITY__MEAN
14. RADIUS__SE
15. PERIMETER__ WORST
16. CONCAVITY__SE
17. TEXTURE__MEAN
18. CONCAVITY__WORST
19. CONCAVE POINTS__MEAN
20. CONCAVE POINTS_SE
21. AREA__WORST
22. FRACTIONAL DIMENSION__MEAN
23. AREA__SE
24, SMOOTHNESS__WORST
25. COMPACTNESS__ MEAN
26. FRACTIONAL DIMENSION__SE
27. SYMMETRY__WORST
28. SYMMETRY__MEAN
29. COMPACTNESS__ WORST
30. SMOOTHNESS__SE
31 PERIMETER__MEAN
32. DIGNOSIS

This paper consists of thirteen attributes after applying feature
selection method. All thirteen attributes are mentioned in below
table 2.
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Table 2. Features Identified

S.no Features Identified Score
1. SMOOTHNESS _SE 0.46
2. FRACTIONAL 0.70
DIMENSION__MEAN
3. TEXTURE MEAN 0.16
4, COMPACTNESS__SE 0.39
5. SYMMETRY _SE 0.38
6. RADIUS MEAN 0.45
7. DIAGNOSIS 0.76
8. SYMMETRY MEAN 0.56
9. RADIUS _SE 0.25
10. SMOOTHNESS _MEAN 0.68
11. FRACTIONAL DIMENSION _SE 0.26
12, TEXTURE SE 0.34
13. COMPACTNESS MEAN 0.55

4.3 Performance Measure

4.3.1Confusion Matrix

In [26], the confusion matrix is a matrix containing information
for predicting the correct and incorrect algorithm and the real
situation.

o  AB: The number of people who are truly sick and classified
as sick based on the algorithm

o AC: The number of people who are really sick but are
classified as healthy according to the algorithm

o BA: The number of healthy people who are classified as sick
according to the algorithm

o BC: The number of people who are healthy and classified as
healthy according to the algorithm.

Performance can be measured using following formula given in
Table 3.

Table 3. Performance Measures

Performance Formula

Measure

Accuracy (AB+AC) /
(AB+AC+BA+BC)

Precision(P) AB/ (AB+BA)

Recall(R) AB / (AB+BC)

F-Measure (2*R*P) / (R + P)

Where AB is true positive, AC is true negative, BA is false
positive and BC is false negative.

4.3.2 Figures and Tables

All the classifiers with their precision, accuracy and recall are
mentioned in below table 4, and the heat maps of all the classifiers
are also shown below in fig 2, fig 3, fig 4, fig 5, and fig 6.
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Table 4. Accuracy, Precision and Recall of all classifiers

S.No. | Classifie | Previous Accura | Precisio | Recall
rs Accuracy | cy after | n
Feature
Selectio
n
1. GBDT 91% 97% 95% 96%
2. ADABO | 89% 96% 96% 95%
OST
3. SGD 86% 94% 87% 90%
4, KNN 89% 90% 96% 96%
5. Random | 73% 92% 92% 93%
Forest
Classifie
r
6. Decision | 85% 90% 87% 88%
Tree
Classifie
r
7. SVM 89% 96.4% 95% 95%
Classifie
r
8. Naive 90% 90% 89% 89%
Bayes

Heatmap of Confusion Matrix

o

Fig_4. KNN

Fig_2. SVM

Heatmap of Confusion Matrix
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Fig_3. RF Classifier
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Fig_5. NB Classifier

Heatmap of Confusion Matrix

-50
o

-4

-30
- ] 20

-10

Fig_6. DT Classifier
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5. CONCLUSION

In our research, we have used eight classifiers that helped us in
detection of breast cancer based on two parameters and those
parameters are benign and malignant. In this, we have taken data
from uci ML repository. Here we used 32 attributes and after that
we have applied feature selection method that is information gain
method to extract best aid features. In this research as we are using
supervised learning algorithm, we are working on categorical data
because supervised learning works on categorical data. Here
malignant cell is represented by 1 and benign cell is represented
as 0.

First of all we have applied GDBT on this data after applying
which we get accuracy of 97% and then we applied ADABOOST
and got an accuracy of 96% then we have applied SGD in which
we got an accuracy of 94% then we applied KNN algorithm in
which we got accuracy of 90% and then we applied random forest
classifier in which accuracy is 92% , then we applied decision tree
classifier and got accuracy of 90% , then we have applied SVM
classifier in which accuracy is 96.4% and finally we have applied
naive bayed algorithm from which we got the accuracy of 90%.
Out of all the classifier, GBDT Classifier was best classifier.

6. REFERENCES

[1] Abbas S, Jalil Z, Javed AR, Batool I, Khan MZ, Noorwali A,
Gadekallu TR, Akbar A.2021. BCD-WERT: a novel
approach for breast cancer detection using whale
optimization based efficient features and extremely
randomized tree algorithm. PeerJ Computer
Science 7:€390 https://doi.org/10.7717/peerj-cs.390

[2] Chugh, G., Kumar, S. & Singh, N. Survey on Machine
Learning and Deep Learning Applications in Breast Cancer
Diagnosis. Cogn Comput 13, 1451-1470 (2021).
https://doi.org/10.1007/s12559-020-09813-6

[3] Aswathy M. A., & Mohan, J. (2020). Analysis of Machine
Learning Algorithms for Breast Cancer Detection. In S.
Velayutham (Ed.), Handbook of Research on Applications
and Implementations of Machine Learning Techniques (pp.
1-20). IGI Global. https://doi.org/10.4018/978-1-5225-
9902-9.ch001

[4] LiJ, Zhou Z, Dong J, Fu Y, Li Y, Luan Z, et al. (2021)
Predicting breast cancer 5-year survival using machine
learning: A systematic review. PLoS ONE 16(4): e0250370.
https://doi.org/10.1371/ journal.pone.0250370

[5] Deshmukh, P. R., & Phalnikar, R. (2021). Information
extraction for prognostic stage prediction from breast cancer
medical records using NLP and ML. Medical & Biological
Engineering & Computing, 59(9), 1751-
1772. doi:10.1007/s11517-021-02399-7

[6] R. MurtiRawat, S. Panchal, V. K. Singh and Y. Panchal,
"Breast Cancer Detection Using K-Nearest Neighbors,
Logistic Regression and Ensemble Learning," 2020
International Conference on Electronics and Sustainable
Communication Systems (ICESC), 2020, pp. 534-540, doi:
10.1109/ICESC48915.2020.9155783.

[7] Jabbar, M. A. . (2021). Breast Cancer Data Classification
Using Ensemble Machine Learning. Engineering and
Applied Science Research, 48(1), 65-72. Retrieved from
https://ph01.tci-
thaijo.org/index.php/easr/article/view/234959 (breast cancer
is .....correct treatment)

[8] Wu, & Hicks, C. (2021). Breast Cancer Type Classification
Using Machine Learning. Journal of Personalized

47


https://doi.org/10.7717/peerj-cs.390
https://doi.org/10.1007/s12559-020-09813-6
https://doi.org/10.4018/978-1-5225-9902-9.ch001
https://doi.org/10.4018/978-1-5225-9902-9.ch001

Medicine, 11(2), 61. https://doi.org/10.3390/jpm11020061
(Breast cancer is a ....negative breast cancer types)

[9] Rahman, M. M., Ghasemi, Y., Suley, E., Zhou, Y., Wang, S.,
& Rogers, J. (2021). Machine Learning Based Computer
Aided Diagnosis of Breast Cancer Utilizing Anthropometric
and Clinical Features. IRBM, 42(4), 215-226.
d0i:10.1016/j.irbm.2020.05.005

[10] P. Tang, X. Yang, Y. Nan, S. Xiang and Q. Liang, "Feature
Pyramid Nonlocal Network With Transform Modal
Ensemble Learning for Breast Tumour Segmentation in
Ultrasound Images," in IEEE Transactions on Ultrasonic,
Ferroelectrics, and Frequency Control, vol. 68, no. 12, pp.
3549-3559, Dec. 2021, doi: 10.1109/TUFFC.2021.3098308.

[11] Luque L., Villareal-Gonzalez R., Vasquez L.C. (2021)
Integration of Data Mining Classification Techniques and
Ensemble Learning for Predicting the Type of Breast
Cancer Recurrence. In: Patgiri R., Bandyopadhyay S.,
Balas V.E. (eds) Proceedings of International Conference
on Big Data, Machine Learning and Applications. Lecture
Notes in Networks and Systems, vol 180. Springer,
Singapore. https://doi.org/10.1007/978-981-33-4788-5_5

[12] Su, Wu, J., Gu, D., Yang, S., Deng, S., & Khakimova, A. K.
(2021). An Adaptive Deep Ensemble Learning Method for
Dynamic Evolving Diagnostic Task
Scenarios. Diagnostics, 11(12), 2288.
https://doi.org/10.3390/diagnostics11122288

[13] Chan H-C, Chattopadhyay A, Chuang EY and Lu T-P (2021)
Development of a Gene-Based Prediction Model for
Recurrence of Colorectal Cancer Using an Ensemble
Learning  Algorithm. Front.  Oncol. 11:631056.  doi:
10.3389/fonc.2021.631056

[14] Raj, A. N. J., Nersisson, R., Mahesh, V. G. V., & Zhuang, Z.
(2021). Nipple Localization in Automated Whole Breast
Ultrasound Coronal Scans Using Ensemble
Learning. Ultrasonic Imaging, 43(1), 29—
45. https://doi.org/10.1177/0161734620974273

[15] Sohail, A., Khan, A., Nisar, H., Tabassum, S., & Zameer, A.
(2021). Mitotic  nuclei analysis in  breast cancer
histopathology images using deep ensemble classifier.
Medical Image Analysis, 72,
102121. doi:10.1016/j.media.2021.102121

[16] Saber, M. Sakr, O. M. Abo-Seida, A. Keshk and H. Chen, "A
Novel Deep-Learning Model for Automatic Detection and
Classification of Breast Cancer Using the Transfer-Learning
Technique," in IEEE Access, vol. 9, pp. 71194-71209, 2021,
doi: 10.1109/ACCESS.2021.3079204.

[17] Boumaraf, S., Liu, X., Wan, Y., Zheng, Z., Ferkous, C., Ma,
X., Li, Z., & Bardou, D. (2021). Conventional Machine
Learning versus Deep Learning for Magnification
Dependent  Histopathological Breast Cancer Image
Classification: A Comparative Study with Visual

IJCA™ : www.ijcaonline.org

International Journal of Computer Applications (0975 — 8887)
Volume 186 — No0.20, May 2024

Explanation. Diagnostics, 11(3), 528.
https://doi.org/10.3390/diagnostics11030528

[18] Houssein, E. H., Emam, M. M., Ali, A. A., & Suganthan, P.
N. (2021). Deep and machine learning techniques for
medical imaging-based breast cancer: A comprehensive
review. Expert Systems with Applications, 167, 114161.
doi:10.1016/j.eswa.2020.114161

[19] Figueroa, J.D., Gierach, G.L., Duggan, M.A. et al. Risk
factors for breast cancer development by tumor
characteristics among women with benign breast
disease. Breast Cancer Res 23, 34 (2021).
https://doi.org/10.1186/s13058-021-01410-1

[20] Bychkov, D., Linder, N., Tiulpin, A. et al. Deep learning
identifies morphological features in breast cancer predictive
of cancer ERBB2 status and trastuzumab treatment
efficacy. Sci Rep 11, 4037 (2021).
https://doi.org/10.1038/s41598-021-83102-6

[21] Zeleznik, R., Weiss, J., Taron, J. et al. Deep-learning system
to improve the quality and efficiency of volumetric heart
segmentation for breast cancer. npj Digit. Med. 4, 43 (2021).
https://doi.org/10.1038/s41746-021-00416-5

[22] P. T. Dalvi and N. Vernekar, "Anemia detection using
ensemble learning techniques and statistical models," 2016
IEEE International Conference on Recent Trends in
Electronics, Information & Communication Technology
(RTEICT), 20186, pp. 1747-1751, doi:
10.1109/RTEICT.2016.7808133.

[23] Basker N., Theetchenya S., Vidyabharathi D., Dhaynithi J.,
Mohanraj G., Marimuthu M., Vidhya G. (2021). Breast
Cancer Detection Using Machine Learning
Algorithms. Annals of the Romanian Society for Cell
Biology, 2551-2562. Retrieved from

[24] Islam, M.M., Haque, M.R., Igbal, H. et al. Breast Cancer
Prediction: A Comparative Study Using Machine Learning
Techniques. SN COMPUT. SCI. 1,290 (2020).
https://doi.org/10.1007/s42979-020-00305-w

[25] Shler Farhad Khorshid, & Adnan Mohsin Abdulazeez.
(2021). BREAST CANCER DIAGNOSIS BASED ON K-
NEAREST NEIGHBORS: A REVIEW. PalArch’s Journal
of Archaeology of Egypt / Egyptology, 18(4), 1927-1951.
Retrieved from
https://archives.palarch.nl/index.php/jae/article/view/6601

[26] Turgut, Siyabend; Dagtekin, Mustafa; Ensari, Tolga
(2018). [IEEE 2018 Electric Electronics, Computer Science,
Biomedical Engineerings' Meeting (EBBT) - Istanbul,
Turkey (2018.4.18-2018.4.19)] 2018 Electric Electronics,
Computer Science, Biomedical Engineerings' Meeting
(EBBT) - Microarray breast cancer data classification using
machine learning methods. , 0, 1-
3. doi:10.1109/EBBT.2018.8391468

48



