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Effects of different wavelet filters on correlation and
diagnostic performance of radiomics features
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(1. School of Medicine, South China University of Technology, Guangzhou 510006;
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ABSTRACT Objective: To investigate the effects of different wavelet filters on correlation and diagnostic
performance of radiomics features.
Methods: A total of 143 colorectal cancer (CRC) patients (64 positive in lymph node metastasis
and 79 negative) with contrast-enhanced CT examination were recruited. After labeling the tumor
area by experienced radiologists, radiomics wavelets features based on 48 different wavelets were

extracted using in-house software coded by Matlab. The correlation coeflicients of the features with
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same names between different wavelets were calculated and got the distribution of high-correlation
features between each wavelet. The least absolute shrinkage and selection operator (LASSO)
was used to build signatures between lymph node metastasis and wavelet features data set based
on different wavelets. The numbers of features in signatures and diagnostic performance were
compared using Delong’s test.

Results: With the difference of wavelet order increased, the number of high-correlation features
between two wavelets decreased. Some features were prone to high correlation between different
wavelets. When building radiomics signature based on single wavelet, signatures built from Tbio2.2]
‘sym?7” and ‘db7’ did well in predicting lymph node metastasis. The signature based on Daubechies
wavelet feature set had the highest performance in predicting lymph node metastasis, while the
signature from Biorthogonal wavelet features was worst. Improvement was significant in diagnostic
performance after excluding the high-correlation features in the whole features set (P=0.004).
Conclusion: In order to reduce the data redundancy of features, it is recommended to select
wavelets with large differences in wavelet orders when calculating radiomics wavelet features.
It is necessary to remove high correlation features for improving the diagnostic performance of

radiomics signature.

radiomics; wavelet feature; feature redundancy; diagnostic performance
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Figure 1 Flow chart of analysis about diagnosis performance of different wavelet features
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Figure 2 Color map of feature pairs with high correlations between wavelets
The axis represents 48 wavelets in this study. Each block represents the number of high-correlation same feature pairs between the two wavelets

by color, as the tab shows. The blue line separates the five classes of wavelets. The figure is symmetric about the “upper left-lower right” diagonal
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Figure 3 Diagnosis performances of radiomics signatures based on different wavelets

The diagnostic performances of the radiomics signatures based on each wavelet are sorted by AUC. Different colors represent different classes of

wavelets. The black line segment represents the 95% confidence interval for the corresponding AUC
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Table 1 Comparison of feature numbers and diagnosis performance between signatures based on different wavelet features

Wavelet All features included Features with high correlation excluded
Label  Feature number =~ AUC  P(vsLabel1)  Label Feature number = AUC  P(vsLabel 8)

All 1 29 568 0.808 8 10 006 0.817 0.0040
Daubechies 2 4928 0.812 0.8849 9 2671 0.795 0.4607 0.1081
Symlets 3 4312 0.785 0.2746 10 2217 0.794 0.2771 0.3796
Coiflets 4 3080 0.799 0.7773 11 2008 0.799 0.5492 0.4795
Biorthogonal S 8624 0.779 0.3831 12 3786 0.740 0.0158 0.0100
ReverseBior 6 8624 0.796 0.7065 13 3875 0.801 0.6090 0.6442
Best S 7 3080 0.796 0.4134 14 1801 0.796 0.1316 1.0000

Best S: The fusion of wavelets whose signatures perform best in predicting lymph node metastasis respectively from S wavelet classes; P value is

calculated with Delong’s test between AUCs
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