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Abstract
Breast cancer is a significant health issue across the world. Breast cancer is the most widelydiagnosed cancer in women; early-stage diagnosis of disease and therapies increase patient
safety. This paper proposes a synthetic model set of features focused on the optimization of the
genetic algorithm (CHFS-BOGA) to forecast breast cancer. This hybrid feature selection
approach combines the advantages of three filter feature selection approaches with an optimize
Genetic Algorithm (OGA) to select the best features to improve the performance of the
classification process and scalability. We propose OGA by improving the initial population
generating and genetic operators using the results of filter approaches as some prior information
with using the C4.5 decision tree classifier as a fitness function instead of probability and
random selection. The authors collected available updated data from Wisconsin UCI machine
learning with a total of 569 rows and 32 columns. The dataset evaluated using an explorer set of
weka data mining open-source software for the analysis purpose. The results show that the
proposed hybrid feature selection approach significantly outperforms the single filter
approaches and principal component analysis (PCA) for optimum feature selection. These
characteristics are good indicators for the return prediction. The highest accuracy achieved with
the proposed system before (CHFS-BOGA) using the support vector machine (SVM) classifiers
was 97.3%. The highest accuracy after (CHFS-BOGA-SVM) was 98.25% on split 70.0% train,
remainder test, and 100% on the full training set. Moreover, the receiver operating
characteristic (ROC) curve was equal to 1.0. The results showed that the proposed (CHFSBOGA-SVM) system was able to accurately classify the type of breast tumor, whether
malignant or benign.
Keywords: Data Mining; Breast Cancer; Hybrid Feature Selection; Machine learning; Support
Vector Machine; Optimize Genetic Algorithm, boosting algorithms
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1. Introduction
The most-reported disease of females is breast cancer. Breast cancer may occur in both men and
women, but in women, it is much more severe. Breast cancer is a type of cancer that occurs in
breast cells. It is cancer that grows from breast tissue. Signs of breast cancer can include swelling
in the breast, a difference in the form of the breast, skin dimpling, blood leaking from the nipple,
and then metastasizing to other body regions. Among males and females of all genders, it is the
most common 12.3 %of all disease. It is the most common among women in the world, making
up 25.4 % of the total number of new cases reported in 2018(Bray F, Ferlay J,2018). Breast
cancer is one of the most prominent tumors among women today. The number of cancer cases
predicted in 2025 to reach 19.3 million, according to the World Health Organization (WHO).
While the numbers of women with breast cancer remain increasing enormously, breast cancer
death rates have declined recently, because of developments in medical imaging, image
processing, and machine learning techniques. Which helped radiologists to detect early cancer.
Thus it is essential to identify breast cancer early. A late breast cancer diagnosis enhances patient
results and follow-up preparation. It also lowers death rates among women because 96 % of
cancers are curable in the initial stages, according to estimates(Ragab & Sharkas, 2019).
Efficient breast cancer detection is critical for effective treatment and reduction of breast cancer
deaths. Sometimes, a breast tumor is there, but not cancer; a benign tumor called. Benign or
malignant can be a tumor (1) Benign tumor is a mass of cells that can not invade or metastasize
the surrounding tissue. It does not spread or strike surrounding tissues (2) Malevolent is different
tissues. Cells in the blood or lymph system can break away and disperse to lymph glands and
distant parts of the body(Bray F, Ferlay J,2018). Data mining skills involved in biomedical
sciences and investigate for providing prediction for help to identify the disease and classify it
correctly (Kalló, Gergő & Miklós Emri et al., 2016). In the first phase, we propose a new
composite hybrid feature selection approach based on optimizing the genetic algorithm (CHFSOGA) for better breast cancer disease prediction. In the second stage, we applied the features of
the output data set from step one to an architectural classification model to improve classification
accuracy. The next section discusses the literature review of other authors who have used data
mining and its relative of machine learning algorithm to analyze and diagnose breast cancer and
various diseases. Section 3 describes the proposed algorithm used for feature extraction. Section
4 describes the hybrid classification process techniques used to improve the accuracy of breast
cancer diagnosis, whereas section 5 describes the experiments and discuss the results. Finally,
section 6 presents the paper summary and conclusions.

2. Related Work
The following authors used some popular techniques. The author Iranpour examined the
application of SVM, a Radial Base Function (RBF), and obtained 98.1% precision compared to
accuracies obtained in other studies such as the linear SVM classifier (94%), the fluorescent
classifier (95.8%), the closest neighbor edited with pure filtering (95%)( Iranpour,2007). The
three-dimensionality elimination approaches for Wisconsin Diagnostic Breast Cancer (WDBC),
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wine, and zoo data sets have contrasted by (Veerabhadrappa et al.,2010). In both approaches
adopted, features based on mutual similarities chosen for dimensionality reduction level 1, and
selected features for level 2 used to eliminate features using Principal Component Analysis
(PCA) and Locality Preserving Projections (LPP) frameworks. The average F-measure for the
winery, zoos, and breast cancer was 92.950, 85.146, and 87.073, respectively, whereas the
average F-measure for LPP was 95.148, 91.898, and 89.752 respectively.
The paper collects numerous studies and scientific papers on the diagnosis and prognosis of
breast cancer and reports on current research, which utilizes the data mining tools for enhancing
the diagnosis and prognosis of breast cancer. Results in this paper indicate that the decision-tab is
the best predictor, 93.62 % Classifier, Neural Network, and Naïve Bayes Classifier, SVM,
Bayesian networks, and Logistic Regression and that 93.62 % Classification on a comparison
dataset and SEER data sets are the best predictor(Sarvestan Soltani et al.,2010). Besides, the
selection of functions (FS) is a fundamental machine learning process. It is widely used in
medical applications to reduce data size and growing needless and irrelevant characteristics.
Therefore, FS only selects the characteristics that can influence a predictive model's
classification results. Many FS strategies for breast cancer screening practices have been studied
and proposed. (Fu, J.C,2005)have used an algorithm of sequential forward scan (SFS)
accompanied by the classification of the SVM and general neural regression network (GRNN).
The methodology recorded achieved the area under the curve (AUC) of 0,9800 and 0,9780,
respectively, for SVM and GRNN after choosing the essential features.
Five new natural-inspired algorithms were introduced by (Osman Hegazy& Omar,2015)to
optimize and train the Least Square Vector Support (LS-SVM) systems. Such algorithms are
Flower Pollination Algorithm (FPA), Bat Algorithm (BA), Moded Cuckoo Quest (MCS),
Artificial Bee Colony (ABC). The results showed that the models implemented at the early
stages of the iteration have a quick convergence rate. For price and pattern estimation, they
achieved better precision than comparable approaches. They also solve the problems of relevant
and local minima found in ANN and LS-SVM. (Pawar and Talbar,2016) suggested a genetic
fizzy FS strategy, resulting in 89,47 % precision. (Mohanty et al.,2018) proposed a forest
optimization FS algorithm. Classifying normal and abnormal mammographic lesions is
performed using various classifiers such as SVM, K-nearest neighbor (k-NN), Naïve Bayes, and
C4.5. The maximum accuracy for the C4.5 classification for the DDSM data collection was
99.08 %. The writers have used the MIAS dataset and obtained 97.86 % accuracy for the
classification of Naïve Bayes. (Badr et al., 2019) Using modern hybrid approaches such as
Support Vector Machine (SVM) and Gray Wolf Optimizer (GWO) to diagnose the type of tumor
in the breast, whether malignant or benign. Equate the predictive efficiency of this hybrid model
with SVM for the breast cancer data from UCI machine learning accessible from Wisconsin with
a minimum of 569 rows, and 32 columns, the maximum accuracy of the GWO- SVM is 97.0%.
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3. Proposed Work
In the proposed work, the breast cancer dataset collected from Wisconsin UCI machine learning
with a total of 569 rows and 32 columns(Dua& D. & Graff&C. ,2019). The breast cancer dataset
contains Features that measured from a visual image of a finely suctioned needle (FNA) of a
breast mass. The characteristics of the cell nuclei in the picture are defined —the proposed model
layout in Fig 1.

Fig. 1 The proposed layout

The following steps explain the mechanism of the proposed work:
3.1. Data Collection
The author's collected the dataset form UCI and considered a benchmark repository of machine
learning and artificial intelligence community. The breast cancer dataset can describe as follow
of feature Information by separating the plane described above obtained using Multisurface
Method-Tree (MSM-T) with a system of classification that uses linear programming for decision
tree creation. A thorough search of 1-4 characteristics and 1-3 splitting planes found the
appropriate features (Dua& D. & Graff&C. ,2019):
 ID number
 Class of diagnosis (M = malignant, B = benign)
 32 Ten real-valued features computed for each cell nucleus:
(a) Radius (mean distance between the middle and perimeter points)
(b) texture (standard deviation from gray-scale values)
(c) perimeter
(d) surface area
(e) smoothness (local difference from the radius length)
(f) compactness (perimeter^2 / surface area-1.0)
(g) concavity (series of concaved contour portions)
(h) concave points (number of the concave portion)
3.2. Data Pre-processing
In the real world, data collected tend to be not wholly complete, noisy, and conflicting, detection
missing of data, data irregularity. Prevent the errors and decrease the data to be analyzed leads
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to massive payouts for decision making(s.r.bahgya,2014) as primary data has to collect in such a
way that the above problems not occur. The missing entries in the collected dataset filled up by
using the average values, and the author used unsupervised attribute replace missing values
filters in the weka data mining tool to solve this. The data is often present in the form of a
spreadsheet. However, weka native data storage format is ARFF and transformed from a
spreadsheet to CSV format. After that, the CSV file converted to the ARFF file. Thus the data
has to be transformed from spreadsheet format to ARFF format (H. Witten & Eibe Frank ,2008) .

3.3. Proposed Composite Hybrid Feature Selection Model (CHFS)
Feature selection is the approach of taking a subset of relevant features for use in model
construction(Chen & ...& F. Li,2010). It combines the advantages of three feature selection
approaches (Filter (IG,GR)–Wrapper( improved (Genetic Algorithm)) with Embedded(C4.5)).
3.3.1 Composed Hybrid feature selection architecture
The author combine of three feature extraction technique considered for the optimal selection
feature set, and this method is information gain (IG) - gain ratio (GR) and Optimized Genetic
Algorithm(Huang & C.,2012) (Yanan Mao & Dingyuan Fan,2016).as shown by fig 2.
Fig. 2 The proposed composite hybrid feature selection architecture

67

In Figure 2, the feature extraction method using gain ratio- information gain to rank the
attributes. The superior ranked features are taken as the optimized subset. The threshold
established on the size of the resumption feature subset and amount of attributes in the dataset
that appear in the range (7~10), and using classifier subset with C4.5 decision tree method in
early-stage to obtain the optimal subset and vote for best feature selection of attributes in an
automated process and produced an optimized feature subset with genetic search elevation
planning to recognize the features that give the most predictable for the target class (Vemuri & et
al.Jack & C. R.,2008) (Devi &Cuckoo ,2013).

3.3.2 Information Gain feature selection
The calculation of the information gain for only one attribute according to the algorithm
below (Aouatif Amine & ...& Rziza Driss ,2011) : This gain measure gives the effect of the
features, and the following algorithm selects features that are larger than the threshold.
Let S be a part of a training set sample with related labels. The m class in training set has si
pattern of class I and s have overall patterns in training set predictable information looked-for to
grade using (1)(r.chaves&jami,2012)
𝑚

𝑠𝑖
𝑠𝑖
𝐼(𝑠1, 𝑠2, . . 𝑠𝑚) = − ∑ ( ) log 2
𝑠
𝑠

(1)

𝑖=1

Feature F with (f1, f2, and f3 to fv) can separate the medical dataset into v subsets {S1, S2…
Sv} where Sj and have value fj for the feature F and Sj include sij samples of class i
The entropy of F by"(2)"
𝑚

𝐸(𝑓) = − ∑
𝑖=1

𝑠𝑖𝑗 + 𝑠2𝑗 + ⋯ + 𝑠𝑚𝑗
𝐼(𝑠1𝑗, 𝑠2𝑗, … 𝑠𝑚𝑗)
𝑠

(2)

And calculate info. Gain by (3)
𝐺𝐴𝐼𝑁(𝐹) = 𝐼(𝑆1, 𝑆2, … . 𝑆3) − 𝐸(𝐹)

(3)

This gain measure gives the effect of the features, and the following algorithm selects features
that are larger than the threshold(Yanan Mao,2016)(William,1990)and shown in fig 3.
Fig. 2 The algorithm of information gain feature selection
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3.3.3. Gain Ratio Feature Selection
A decision tree can be a simple form when non-terminal nodes perform tests on many
attributes to the effect of decision outcomes (J.R. Quinlan,1986), as shown in fig 4.
Let Q set of q data and m is a class and can classify data by
𝑚

𝐼(𝑄) = − ∑ 𝑝𝑖 𝑙𝑜𝑔2(𝑝𝑖)

(4)

𝑖=1

Qij is many samples of class Ci in a subset Qj. Qj contains those samples in Q that have value
aj of A. The predictable information(J.R. Quinlan,1986):
𝑚

𝐸(𝐴) = − ∑
𝑖=1

𝑖(𝑞)(𝑞1𝑖 + 𝑞2𝑖+. . 𝑞𝑚𝑖)
𝑞

(5)

The training information gained by
𝐺𝑎𝑖𝑛(𝐴) = 𝐼(𝑄) − 𝐸(𝐴)
𝑣

𝑆𝑝𝑙𝑖𝑡𝐼𝑛𝑓𝑜𝐴(𝑄) = − ∑ (
𝑖=1

(6)
|𝑄𝑖|
|𝑄𝑖|
) 𝑙𝑜𝑔2 (
)
|𝑄|
|𝑄|

(7)

The shown value of splitting data into dataset Q into v partitions consequent to v outcomes
the test on attribute A(J.R. Quinlan,1986). The gain ratio is
𝐺𝑎𝑖𝑛 𝑅𝑎𝑡𝑖𝑜(𝐴) = 𝐺𝑎𝑖𝑛 𝐴/ 𝑄𝑝𝑙𝑖𝑡𝐼𝑛𝑓𝑜𝐴 (𝑄)
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(8)

Figure 3. Decision tree algorithm

3.3.4. Optimized Genetic Algorithm (OGA)
The authors propose a method to modify a general genetic algorithm to evaluates specified
attributes on training data or a separate testing set and uses a decision tree (J.R. Quinlan,1986)
to estimate the 'merit' of a set of attributes to produce an optimized feature subset with genetic
search elevation strategy to recognize the features. All feature selection technique should use an
evaluation function together with a search strategy to achieve the optimal feature set(Huang &
C.,2012) . It is unable to be realized to search all subsets to find out an optimal subset and need
much effort to indicate whether a particular feature is present or not in the chromosome, one, and
zero used. One in a gene position refers to feature and zero to absent(Yanan Mao & Dingyuan
Fan,2016).The number of features and what are the features that are to be present in a
chromosome are guided by information gain (IG) and gain ratio (GR). The initial population
created using input values of IG and GR of the values present in the chromosome. After
Generated the population, the individuals evaluated using a fitness function. There is no general
approach to find the fitness function for a genetic algorithm. It is a heuristic approach and
depends on the used application. So the authors nominate a C4.5 classifier to be used as a fitness
function because C4.5 has some utility of handling both continuous and discrete attributes and
training data with missing attribute values, pruning trees after creation - C4.5 goes back through
the tree once it has been created and try to eject branches that do not help by replacing them with
leaf nodes (Dash & H. Liu, 1997) . (J.R. Quinlan,1986) . The following algorithm selects a
feature from the set of features that are gained by OGA, gain ratio, and Information gain, as
shown in fig 3.
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Figure.4. Proposed CSFS improved of a genetic algorithm with the c4.5 decision tree

4. Proposed Stack Hybrid Classification Model Based On Composite
Hybrid Feature Selection (CHFS)
A weka software tool (Weka online open-source accessed,2018) shows the list of black-box
classifiers. These algorithms, in general, are used to classify the medical dataset.
4.1. Two learning evaluators can be used to evaluate the dataset
• Training set: the classifier separates a dataset to test and training data. The result of each model
can be saved and can visualize.
• Cross-validation: in case of 10 fold cross-validation, weka develops ten models, when it
displays the result it uses the average performance of those ten models. It deletes the remaining
models. From the observations, the authors conclude that the model saved with cross-validation
and the training set is the same. (Divya Jain, Vijendra Singh,2018).
4.2. Stacking technique
Ensemble methods are learning methods that contain a set of classifiers for classifying data by
taking a weighted point of their predictions (Leo Breiman,1996) . The authors combine multiple
classifiers to get the maximum efficiency of classification accuracy and overcome the weakness
of individual classifiers in the classification process on potential patients. Classifiers, as shown in
fig 4.
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Figure5. the proposed framework of hybrid classification based on the CHFS model

The author chooses permanent (Jrip, Naïve Bayes)classifiers on stack ensemble hybrid
classification. Then combines Naïve Bayes with Jrip classifiers by using SVM classifier as Metaclassifier .finally, move to the Adboost algorithm for boosting a trivial classifier using the
Adaboost M1 method. Just minimal class issues may tackle and all previous steps based on a
result from the table2, which achieves a good indicator of a fitness function problem.
Boosting is a general ensemble method that uses several weak classifiers to create a robust
classifier—after that, Done by building a model from the training data—then creating a second
model to try to correct the first model's errors. Models introduced before the training set is
correctly estimated or until a sufficient number of models added. AdaBoost was the first
successful binary classification boost algorithm developed. It is the best starting point for
improving awareness. Modern methods of boosting build on AdaBoost, most notably stochastic
machines that boost gradient(Schapire R.E.,2013).
Predictions made using AdaBoost Predictions by calculating the weighted average of the sparse
classifiers. Per weak learner measures, a predicted value as either + 1.0 or -1.0 for a new input
instance. The predicted values weighted by the stage quality of each slow learner. The Ensemble
model prediction takes as the sum of the weighted predictions. If the number positive, then the
first class is predicted if the second class is estimated to be negative(Singer,1999).
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Naive Bayesian classifier is an eclectic classifier and can calculate a group set of probabilities
by counting the value and frequency in a given dataset (O. Elsayed, K. Mahar, M. Kholief, and
H. A. Khater,2015). It assumes that all variables which contribute towards classification are
mutually independent(Duarte Ferreira et al.,2012). Naive Bayesian classifier based on Baye's
notion and theorem of total probabilities. equation 9 is the probability of a document with a
vector((S. R Bhagya,2014),( Tina R. Patil,2013))
x= {x1, x2, xn} belongs to hypotheses ‘h’ is given by,

𝑃(ℎ1|𝑑𝑥) =

𝑃(𝑥𝑖|ℎ1)𝑃(ℎ1)
𝑃(𝑥𝑖|ℎ1)𝑃(ℎ1) + 𝑃(𝑥𝑖|ℎ2)𝑃(ℎ2)

𝑃(ℎ1|𝑥𝑖) =

𝑃(𝑥𝑖|ℎ1)𝑃(ℎ1)
𝑃(𝑥1)

(9)

(10)

𝑛

𝑃(ℎ1|𝑥𝑖) = ∑ 𝑃(𝑥𝑖|ℎ𝑗)𝑃(ℎ𝑗)

(11)

𝑗=1

JRip Rules Classifiers (Divya Jain,2018): Classes are a measure of the rising size and
generated a group of rules for the class to reduce the error gradually. JRip (RIPPER) continues
by treating every one of the instances of an exacting decision in the training data as a class and
discovery group of rules that included in the same class.
Support Vector Machines (SVM)( Divya Jain,2018): is a supervised learning algorithm
based on statistical learning theory proposed by Vapnik
𝐾(𝑋𝑖, 𝑌𝑖) = (𝛾𝑋𝐼𝑇 𝑌𝑖 + 𝑟)𝑚 , 𝛾 > 0

(12)

In the interpretation of SVM, edge. The optimum hyperplane separation, therefore, maximizes
the margin of the training data. Provided the training dataset identified with:
(x1, y1), ..., (xn, yn), xi Rd and Yi −1, + 1), where xi is a vector representation function and Yi a
training compound's classmark (negative or positive)
The optimal hyperplane can then defined as:
𝑤𝑥𝑇 + 𝑏 = 0
(13)
Where w is the weight vector, x is the input feature vector, and b is the bias. The w and b would
satisfy the following inequalities for all elements of the training set
𝑤𝑥𝑖 𝑇 + 𝑏 ≥ +1 𝑖𝑓 𝑦𝑖 = 1
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(14)

𝑤𝑥𝑖𝑇 + 𝑏 ≤ −1 𝑖𝑓 𝑦𝑖 = – 1
(15)
The SVM algorithm originally proposed to construct a linear classifier by (Vapnik 1964). An
alternative use for SVM is the kernel method, which enables us to model higher dimensional,
non-linear models (Aizerman,1964).
And the Radial basis kernel function (RBF) (Huang,2012):
2

𝐾(𝑥𝑖 , 𝑦𝑖 ) = exp (−𝛾 ||𝑥𝑖 − 𝑦𝑗 || ) , 𝛾 > 0

(16)

4.3. Metrics used in health check systems for evaluation
The different performance metrics generally used to explore the performance of the various
models like sensitivity, accuracy, precision, and f-measure (Divya Jain & Vijendra ,2017) .
Accuracy: can be calculated by divide number of accurate predictions by the total number of all
predications (Klöppel & ...&Frackowiak & R. S,2008)
𝑇𝑁+𝑇𝑃
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑓𝑃+𝑡𝑃+𝑓𝑁+𝑡𝑁 (17)
Inside equation
(FN = False Negative, FP = False Positive, TN = True Negative, TP = True Positive)

5. Experimental Results and Evaluation
The CSV file of the breast cancer Dataset collected from Wisconsin UCI machine learning
with a total of 569 rows and 32 columns loaded to the weka tool. All experiments evaluated by
the receiver operating characteristic (ROC) curve, accuracy, F-measure (Dina A. Ragab &
Omneya Attallah,2019). All experiments conducted on a laptop with an Intel Core i7- 8750H
CPU at 2.2 GHz and 16 G of Ram running on windows 10 (64 bits).
5.1.Result from proposed (CHFS) feature selection model
The model implementation from the three feature selection methods,IG, GR, was applied for
input to our optimization GA as initialization instead of randomly. Also, The population size is
100, with several generations is 20. The crossover takes place at the middle position, and
mutation is prepared at one point randomly to reduce features of a dataset. The extracted feature
subset result was consisting of 10 features terms, as shown in table 1.
Table 1:Number of feature extraction from three feature selection
Method

No.of Feature

IG, GR

Filter

32

GA

Wrapper

26

Embedded

10

Optimized GA Fitness
Fun(C4.5)
Source: (Weka open source software, 2018)
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In table 2 below, we calculate the fitness function of j48 and calculate the accuracy of
traditional classifiers. This procedure repeated with another classifier in a fitness function
calculation to obtain the accuracy among them. The summarizing results shown that the j48 is
performing a good indicator as a bigger fitness function value among all classifiers. Furthermore,
measure false-positive and false-negative for each chromosome. The chromosome, which has the
lowest value, is considered an elite one(Divya Jain, Vijendra Singh,2018).
Table 2 Calculate the fitness function of optimizing Genetic Algorithm

The threshold value equal to 0.02 chosen for information gain lead to reduce feature term to
32 attributes, and a value greater than or equal to 0.04 selected for gain ratio method to rearrange
the feature term as priority and preparation for classification method to obtain the maximum
efficiency. Table 3 discusses the results of all the techniques. If 70% trained, reminder tests
applied. For summarized results in the table (3) from the weka software of the analytics dataset,
we used the (ROC) curve to evaluate the output result from our proposed architecture model, as
shown in fig 12,13.
Table 3: Experimental result of Accuracy pre-post CHFS model with various classifiers
Classifier

Pre- (CHFS) Feature
Selection Accuracy

Post – (CHFS) Feature
Selection Accuracy

J48

61.98%

95.32%

Naïve Bayes

43.27%

92.98%

JRIP

61.09%

97.07%

Fig.5 Summarized accuracy results of pre-post (CHFS) feature selection

Classifiers Acuuracy
150.00%
100.00%

50.00%
0.00%
J48

Naïve Bayes
Pre- (CHFS)

JRIP

Post – (CHFS)

Fig.6 ROC curve for all J48-Naive Bayes-Jrip classifiers
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(a) Pre-CHFS model
(b) Post-CHFS model

5.2 Comparison Between Proposed CHFS Model and PCA Feature Reduction
As an essential point, the proposed (CHFS) model compared against a popular dimensionality
reduction technique, the Principal Component Analysis (PCA) (Joliffe IT,2002) . We have used
PCA to reduce the number of variables , and the result was 13 features PCA component selected
at 97.1% accuracy of variance from 32 attributes that download from UCI. The result of this
comparison between PCA and our proposed CHFS feature selection model among three
Traditional classifiers, as shown in Table 4.Furthermore, summarized In fig. 8, Fig 9, explained
the ROC curve to evaluate the result of this comparison.
Figure 7: The PCA component accuracy of variance result
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Table 4: Summary of (CHFS)Model Accuracy Compared Against PCA at 70% training, remainder test
PCA Accuracy

(CHFS) Model

Classifier

(13) Components at
(97.1%)

J48

61.98%

95.32%

Naïve Bayes

38.01%

92.98%

JRIP

61.98%

97.07%

Feature Selection

Accuracy

Fig.8 Summarized accuracy results of PCA versus (CHFS) feature selection

Comparison of Accuracy betweenamong classifiers
Based on CHFS model and PCA
150.00%
100.00%
50.00%
0.00%
J48

Naïve Bayes

PCA Accuracy
(13) Components at (97.1%)

JRIP

(CHFS) Model
Feature Selection

Fig.9 ROC curve for all Three classifiers on raw features
(a) Roc of traditional classifiers(naive Bayes-jrip-j48)
(b) ROC of 13- component –PCA
(c) Post-CHFS model
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Source: (Weka open source software, 2018)

5.3 Result of proposed AdaBoost of Stack Hybrid Classification Model Based on (CHFS)
Feature Selection
The classification techniques applied to medical dataset. (Yasser Fouad &...& Hatem
Khater,2015) . Can be achieved by
𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑𝑆𝑎𝑚𝑝𝑙𝑒𝑠
𝑇𝑜𝑡𝑎𝑙𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑆𝑎𝑚𝑝𝑙𝑒𝑠

∗ 100

(18)

The authors use the output dataset from CHFS feature selection to the proposed classification
model, which designed by flow knowledge in the weka tool and begins the combination process
of Naive Bayes- Jrip classifiers with SVM classifiers as a meta-classifier in comparison with
previous traditional classifiers.
The author implements a model of AdaBoost on the Stack Hybrid Classification process of
(Naive Bayes Jrip) with SVM as a Meta classifier on full training mode and 70% split training,
remainder test. The result showed predicted unseen samples infected with breast cancer disease.
The proposed model (CHFS-BOGA-SVM) achieves high overall accuracy (98.25%) on 70%
split training, remainder test mode. Also, achieve (100%) on full training at 50 iteration mode
compared with the individual j48 classifier (61.98%) and naive Bayes of (43.27%), Jrip
classification accuracy of(61.09%), as shown below in table 5 and ROC curve in figure 10.
Table 5: Summary of (CHFS)Model Accuracy Compared Against PCA at 70% training, remainder test
Post- CHFS-BOGA- SVM
Classifier

PRE-CHFS/AdaBoostClassification Accuracy

J48

61.98%

Naïve Bayes

43.27%

JRIP

61.09%

70% training, remainder test

Full Training

98.25%

100%

Fig.10 ROC curve for AdaBoost-Stacked-CHFS-BOGA-SVM classification model and classification error curve
(a) ROC curve pre- AdaBoost-Stacked-CHFS-BOGA-SVM classification modeling.
(b) ROC curve post- AdaBoost-Stacked-CHFS-BOGA-SVM Hybrid classification modeling on 70% training.
(c) ROC curve post- AdaBoost-Stacked-CHFS-BOGA-SVM Hybrid classification modeling on full training.
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(d)classification error curve-on 70% training
(e) classification error curve-on full training

Source: (Weka open source software, 2018)
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Table 5. The detailed accuracy for AdaBoost -Stacked (Naïve Bayes, Jrip) with the SVM classifier model
class

TP Rate

FP Rate

Precision

Recall

F-Measure

ROC Area

PRC Area

Benign

0.981

0.015

0.990

0.981

0.986

0.991

0.990

Malignant

0985

0.019

0.970

0.985

0.977

0.992

0.981

Avg.

0.982

0.017

0.983

0.982

0.982

0.992

0.986

6. Discussion
The authors compare the results of different classification methods obtained with the results
of our proposed stack hybrid classification based on (CHFS) feature selection on the breast
cancer medical dataset of 569 potential patient samples. We used 400 (70 %) instances of total
data for training in traditional classifiers as well as CHFS-BOGA- SVM. The remaining 169 (30
%) instances used to test both in CHFS-BOGA-SVM and J48-Naive Bayes-JRIP- SVM
individually. After many attempts to classify the data with our proposed model, which obtains
the best accuracy for this algorithm with this data, where the maximum classification accuracy is
98.25% among all classifiers. Besides, Reach to 100% accuracy in full training mode.
These comparisons, according to our proposed model presented in this study, were reduced a
false negative rate and showed a relatively high overall accuracy with more accurate results, as
shown in fig 14, 15, and table 6.
Table 6: Summary pre-post AdaBoost Stack Hybrid Classification Based on (CHFS) In Weka3.9

Traditional
Classifier

Accuracy of
traditional pre(CHFS-BOGA)

Accuracy of
traditional post(CHFS-BOGA)

AdaBoostM1
Stacked hybrid
Classification
Based on CHFSBOGA

J48
Naive Bayes

61.98%
43.27%

result
70%
training,
remainder
test

Full
Training

95.32%
92.98%

JRIP

61.09%

97.07%

SVM

61.98%

62.74%

Naive
bayes
,
JRIP
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Proposed Prediction
model

SVM

98.25%

100%

Fig.14 Summarized results of pre-post AdaBoost -stack classification based on (CHFS)
120.00%
100.00%

95.32%

98.25% 100%

97.07%

92.98%

80.00%
61.98%

61.09%

61.98% 62.74%

60.00%
43.27%
40.00%
20.00%
0.00%
j48

naïve bayes
Accuracy Pre-CHFS

jrip
SVM
Accuracy post-CHFS

Prediction model on70% training

Predection on full training

proposed model

Table 6: Comparison of our proposed model with the last state of the art result
Author

Iranpoer,2007

RBF-SVM

Accuracy

94%

Sarvestan,2010

Neural Network-NaiveBayes

93.62%

Osman Hegazy,2015

Optimization svm-with FLPnatural algorithm

High convergence rate

Power,2016

Genetic Fuzzy FS.

89.47%

Mohanty,2018

Optimize FS,KNN on MIAS
dataset

97.86%

E.M.Badr,2019

Gray wolf optimizer with
SVM

97%

Proposed
Model
CHFS+SHC (SVM)

81

Contribution

Novel Hybrid F.S. with
optimization of GA on AdaBoost
Stacked-Hybrid Classification with SVM model

98.25%

7.Conclusion
In this work, the author aims to early diagnosis of Breast cancer disease by using a benchmark
dataset on our proposed composed hybrid feature selection (CHFS) model. Also, combine the
advantages of three filter feature selection approaches and optimize Genetic Algorithm (OGA)
by improving the initial population generating and genetic operator’s using the results of filter
approaches as some prior information by using the J48 decision tree classifier as a fitness
function instead of probability and random selection, This lead to speed up convergence and
select the best features.
Besides, We are using the selected feature in the AdaBoost algorithm on a stack hybrid
classification, which combines three classifiers with improving the prediction and accuracy. The
proposed model performs better than the traditional classification approaches for optimum
feature selection and improvement of the classification process and effectively reduced the falsenegative rate with high accuracy when using a support vector machine (SVM) as meta-classifier
in a hybrid classification method with 98.25% compared to 62.74% of usage individually and the
last state of the art result shown above in Table 6. The results of the proposed CHFS-BOGAAdaBoost-Stack Hybrid (naive Bayes-Jrip) with SVM model show an accurate classify breast
cancer and classify the Tumor of Breast is (benign or malignant). Hence, it inferred confidently
that the built intelligent system would act as a viable alternative decision support system on the
breast tumor is cancer or not.
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