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Early diagnosis of breast cancer plays a crucial role in treating the patient.
Nowadays, data mining algorithms can provide intelligent methods in the
health and treatment system that accurately detect breast cancer. The
purpose of this study is breast cancer detection using ensemble classifier
based on WBC and WDBC prepared databasesa. Our proposed model in the
WBC database (reducing features by cfs+ optimizing samples using
Resample+ ensemble classifier using data mining algorithms (kstar +
random forest + Naive Bayes and Bayes network)) has the best detection
accuracy ( 100%), implementation time (0 seconds) and without any errors
and on the WDBC database (reducing features by cfs+ optimizing samples
using Resample+ ensemble classifier using data mining algorithms (IBK
algorithm+ Naive Bayes, Bayes network and kstar)) has an accuracy of
99/29, the implementation time is 0 seconds, and the mean absolute error is
0/007. The results of this study show that according to the ensemble
classifier methods using data mining algorithms on the prepared database,
new systems can be designed to help physicians that facilitate treatment
processes.
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!. Machine learningalgorithms

2. Data preprocessing

3. WEKA (Waikato Environment for Knowledge Analysis). http://www.cs.waikato.ac.nz/~ml/weka/ .
4. Bayes Net

5. Data dimensionality reduction
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¢, Deep neural network

7. Linear Discriminant Analysis (LDA)
8, K-Nearest Neighbor (KNN)

°. Benign

10, Malignant

!, Missing values

12, Unbalanced
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13, Data cleaning

14, Data dimensionality reduction
'3, Mean substitution

16, Heterogeneity
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7. Correlation Feature Selection
18, Over-sampling

1%, Under-sampling

2, Supervised

. Discretization

. Nominal To String

. Nominal To Binary

24, Numeric To Nominal

2, Numeric To Binary
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