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Abstract

One of the problems facing machine learning algorithms is the
increase in data dimensions, as it becomes difficult for the algorithm to
process the data and convert it into useful knowledge. One dimensionality
reduction technique is attribute selection which selects a subset of important
attributes by eliminating irrelevant data in order to improve machine learning
algorithm performance, enhance the accuracy of classification, decrease the
training time of the algorithm and computational time, as well as facilitate a
better understanding of the learning model or data.

An intelligent computer system for feature selection was designed and
implemented, as the proposed system contained two main steps, the
classification step, and features selection step. Seven algorithms were used
in this system, five machine-learning algorithms, an ensemble-learning

algorithm, and the swarm intelligence algorithm.

The feature selection method based on swarm intelligence methods
was proposed, where the feature selection technique was used based on the
Dragonfly optimization algorithm, which searches for the best solutions in
the search area to achieve optimization. An optimization technique is used
to find the optimal subset of features that can accurately classify breast
cancer as benign or malignant. The ensemble learning algorithm was used
by majority voting (hard voting) to aggregation-five machine learning
techniques SVM, NB, K-NN, DT, and RF. The ensemble learning algorithm
was used as an activation function in the Dragonfly optimization algorithm
to evaluate the selected feature subsets The results show that ensemble
learning by majority voting (hard voting) performs better than individual
classifiers as it gave the highest accuracy value among individual classifiers
with a percentage of 96.49%, while the SVM, NB, K-NN, DT, and RF it
achieved an accuracy of (95.32%, 94.73%, 92.39%, 92.98%, and 95.32%),
respectively. The results also showed that when training the ensemble
learning algorithm by majority voting (hard voting) on the optimal set of sub-
features obtained using the Dragonfly optimization algorithm (17 features),
the resulting accuracy is higher by 98.24%, Whereas when training the
algorithm on all features (30 features), it achieved an accuracy of 96.49% on
a breast cancer dataset containing 569 samples and 30 features.



