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Logistic Regression Algorithm Based on Neighborhood Granulation
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Abstract: As a classical classification algorithm, logistic regression has a simple structure and strong interpretability. However, logis-
tic regression is difficult to deal with fuzzy and uncertain nonlinear data. To solve this problem, a logistic regression algorithm based
on neighborhood granulation is proposed by using neighborhood granulation technology in granular computing theory. For nonlinear
data, neighborhood granulation makes the data easier to separate and construct. Firstly, the neighborhood granules are constructed by
the neighborhood granulation of the single feature of the data set sample. The neighborhood granular vectors are then formed on the
multi-feature. In addition, the measurement and operation rules of these neighborhood granular vectors are defined, and a neighbor-
hood granular logistic regression algorithm is designed, which effectively improves the classification accuracy of logistic regression.
Classification experiments are carried out on WDBC (Diagnostic Wisconsin Breast Cancer), Iris and Seeds data sets, and compared
with the classical logistic regression. The results show that the classification accuracy of the proposed algorithm is 0.6%, 7.6% and
4.1% higher than that of the classical logistic regression in the three data sets, respectively.
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granular logistic regression on WDBC dataset
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Fig. 2 Effect of neighborhood parameters on accuracy of

granular logistic regression on Iris dataset
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granular logistic regression on Wine dataset
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Fig. 4 Effect of neighborhood parameters on accuracy of
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granular logistic regression on Seeds dataset
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Fig. 5 Effect of neighborhood parameters on accuracy of

granular logistic regression on Ionosphere dataset
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Fig. 6 Effect of neighborhood parameters on accuracy of

granular logistic regression on Haberman dataset
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Table 3 The average prediction accuracy (mean-standard deviation %) of granular logistic regression and several classical

classification algorithms

Hilnte LR S SCRF L AR BEHLARA FhEEFE T
WDBC 97.31£0.89 96.96+0.96 97.19£1.40 96.73+1.58 94.39+2.05 95.20+1.27
Iris 97.78+2.22 97.33+2.43 96.89+2.53 90.22+2.98 96.44+2.53 95.56+2.22
Wine 97.78+2.41 95.93+3.04 97.41+2.11 97.78+3.31 97.41+2.81 91.11+6.73
Seeds 94.29+1.81 93.33+2.35 92.70+£2.41 90.16+4.40 91.75+4.26 92.70+£3.09
Tonosphere 93.961.43 83.58+4.50 93.961.71 88.87£3.01 93.77+0.84 92.64+2.05
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