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Research on Multi—-model Fusion Algorithm for Small Scale Data Sets

LI Chun-sheng,CAO Qi, YU Shu
(School of Computer and Information Technology ,Northeast Petroleum University ,Daqing 163318 ,China)

Abstract; At present, traditional machine learning algorithms are mainly used in the prediction of small-scale data sets,but the traditional
single model cannot reach the expected accuracy in prediction effect and cannot take into account multiple evaluation indexes. Therefore,
taking the small -scale data sets as research objects and integrating decision tree, logistic regression and support vector machine, we
propose a multi—-model fusion algorithm and analyze its application effect on small-scale data sets. Firstly, the algorithm principle of
decision tree,logistic regression and support vector machine is briefly described. Secondly, decision tree, logistic regression and support
vector machine are used as the base learner and the individual training is completed. The output results of each model are used for the
model input in the next stage,and the maximum likelihood estimation is used for iterative optimization parameters to complete the multi—
model fusion process. Finally,the data sets are analyzed and processed, and the indicators are compared with the single model through ex-
periments which show that this algorithm has a significant improvement in prediction precision,recall rate and accuracy.
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Passengerld Pclass Hame Sex
B892 3 Kelly, Mr. James nale
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906 1 rbert Fuller (Carrie Co fenmale
907 2 Hrs. Sebastiano (Argeni female
908 2 Keane, Mr. Daniel nale
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Precision 0.8055 0.7500 0.6666 0.7222  0.8055
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