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Abstract In order to improve the classification accuracy and generalization ability of traditional machine learning algorithms, this
paper proposes an ensemble learning algorithm based on intuitionistic fuzzy sets (IFS-EL). The algorithm constructs an intuition-
istic fuzzy preference relation (IFPR) matrix according to the classification accuracy of the traditional classifier. The matrix is
used to determine the weights of the classifiers and the multi-criteria group decision making (MCGDM) is used to determine the
sample classification result. The experimental data uses 7 classification data sets in UCI,and the training set and test set are di-
vided into 7:3. The classification results are compared with the current popular traditional classification algorithms and ensemble
learning classification algorithms, SVM, LR, NB, Boosting, Bagging, the average accuracy of the algorithm in this paper is im-
proved by 1.91%,3.89%,7.80%,3.66% ,4. 72%. The experimental results show that the IFS-EL can improve the classification

accuracy and generalization ability.
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Table 3 Accuracy comparison of different algorithms on each dataset
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