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Proposal of Weight Adjustment Methods Using Statistical
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Abstract

The fuzzy weighted mean classifier is one of the most common classification models and could
achieve high performance by adjusting the weights. However, the weights were generally decided
based on the experience of experts, which made the resulting classifiers to suffer the lack of
consistency and objectivity. To resolve this problem, in this paper, a weight deciding method based
on the statistics of the data is introduced, which ensures the learned classifiers to be consistent
and objective. To investigate the effectiveness of the proposed methods, Iris data set available from
UCI machine learning repository is used and promising results are obtained.
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Fig. 1. A sample problem with 8 classes and 10 feature

values
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Fig. 2. Examples of feature value distribution with
equal inter-class intervals
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Fig. 3. Examples of feature value distribution with
different inter-class intervals
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Table 1. Classification results by the proposed methods
on lIris dataset

75 aE ud ..
VPDM 97.3%(146/150)
MD + VPDM 96.7%(145/150)
1- VD 94%(141/150)
MD + (1- VD) 94.7%(142/150)
14 95.3%(143/150)
Euclidean distance 90%(135/150)
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Table 2. Recognition results by conventional methods on
iris dataset(10)

1-NN 96%
Naive Bayes 96%
BayesNet 94.7%
C4.5 94.7%
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