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QIAN Yuhua'?, YANG Yu', WANG Jieting'
(1. Institute of Big Data Science and Industry, Shanxi University, Taiyuan 030006, China;
2. Key Laboratory of Computational Intelligence and Chinese Information Processing of the Ministry of Education,
Shanxi University, Taiyuan 030006, China)

Abstract: In the field of machine learning, the phenomena of sample randomness and random consistency are widely encountered in
tasks such as classification and clustering. When the samples are limited, due to the existence of sample randomness, the eigenvalue
decomposition of the sample covariance matrix may have random consistency, and there will be an error when using the sample ei-
genvalues and eigenvectors to estimate the overall eigenvalues and eigenvectors. Similarly, the multiple dimensional scaling (MDS)
method involves the eigenvalue decomposition of the inner product matrix B. The results may also have random consistency, and the
final low-dimensional sample coordinates obtained may have errors, resulting in a degradation of the model performance. In order to
improve the estimation accuracy of the model and the stability of the algorithm, this paper focuses on investigating the random con-
sistency problem in the eigenvalue decomposition of the inner product matrix B of the MDS method, and introducing the averaging
idea, using the average eigenvectors to represent the overall eigenvectors. In order to better fit the true distribution of the data, first,

the data are sampled multiple times; second, the significance and necessity of mitigating the random consistency during the covari-
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ance decomposition are analyzed; and finally, the Expectation-based Multiple Dimensional Scaling (EMDS) is proposed to mitigate

the random consistency. The classification experiments are validated on six public UCI datasets, and the experimental results show

that the EMDS dimensionality reduction has a higher accuracy rate compared to the original MDS method.
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Fig. 3 Comparison of sample distributions: 100 raw data,

discretely uniform sampling of 50 data by index (a); Fibonacci

spiral uniform sampling of 50 data (b)
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The model consists of two parts: the first part of the data sampling uniformly, which obtains % times of data. The second part,

EMDS, computes the inner product matrix B, and its eigenvalues and eigenvectors. The eigenvalues and eigenvectors of the inner

product matrix are expressed using the average eigenvalues and eigenvectors.
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Table 1 Information of datasets

Data set Data volume  Characteristic number
Iris 120 4
Wine 178 13
Heart failure clinical records 300 13
Breast Cancer 569 30
Dermatology 366 33
Ionosphere 351 34
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%

Data set EMDS MDS MDS-sklearn
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Table 3 P-value of Kruskal Wallis test for all datasets
Data set al
EMDS-MDS EMDS-MDS _sklearn
Tris 0.65 0.009
Wine 0.48 0.002
Heart failure clinical records 3.84x1071° 3.16x1071°

Breast Cancer 0.07 0.37

Dermatology 0.01 2.4<1076
Tonosphere 0.67 0.03
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