Reliability of Radiomic Features Against Noise in the Use of Daubechies Wavelet Derived Features in CT-Based Liver Tumor
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Abstract—There are still many challenges in the field of radiomics, especially sensitivity which is influenced by many factors, one of which is noise. The large amount of bias noise that occurs reduces the performance of the diagnosis, perhaps because it does not involve wavelet derived features. The wavelet derived feature is believed to be more resistant to noise interference in the image. So, the proposed use of wavelet derived features accompanied by a comparative review of its effectiveness with the use of traditional radiomic features is implemented in this study. In this study, two liver tumor datasets were used, namely LiTS17 and 3D-IRCADb-01 data to test the reliability of features in different data. The two data are given the same treatment, namely by adding interference to the CT image by setting the SNR indicator. The label used is limited to the tumor part, the liver parenchyma is not included, so for LiTS17 a thresholding label is done first. CT images and tumor labels extracted data from traditional radiomic features and wavelet-derived radiomic features (Daubechies level 1). The statistical approach uses the ICC method in assessing agreement between observers. As a result, of the six feature groups (First-order, GLCM, GLSZM, GLDM, NGTDM, GLRLM) only NGTDM features are more effective on wavelet derived features. Whereas in the main LiTS17 data, the wavelet derived features do not have a major effect, traditional radiomic features sufficiently show ICC values in the good to excellent category.
Keywords—Radiomic Features, Daubechies Wavelet, White Noise, Liver Tumor.
Introduction 
The future development of the medical world is not only based on the diagnosis of a disease, but also individual-based treatment. So that quantitative analysis of big data and the use of Artificial Intelligence (AI) is very often used, including radiology data which generally has image coverage from 2D to 4D. Radiomic is a process used to extract quantitative properties (features) of an image or a certain Region of Interest (ROI) obtained from an image [1]. Through pattern recognition algorithms, these features are extracted producing a series of numbers that represent a quantitative description of geometric or physical properties, such as in the field of oncology, tumors are classified based on size, shape, intensity and texture.
However, one of the biggest challenges in radiomics is sensitivity. There are many influencing factors including image acquisition, reconstruction, and pre-processing. Other things that also influence are the segmentation results in the part being reviewed and noise interference which reduces image sharpness. The findings of A. Somasundaram et al stated that the Positron Emission Tomography (PET) image acquisition modality is a modality that is sensitive to noise, due to the low Signal-to-Noise Ratio (SNR) which not only affects the precision but also the accuracy of quantitative metric results, thereby biasing the results. due to noise [2]. Meanwhile, another modality that is commonly used as a standardized modality in cancer management, namely computerized tomography (CT), also has weaknesses related to noise. Hassan et al in testing the radiomic features of head/neck cancer provided evidence that almost all types of features, namely Laws' Texture Information (LAWS), Long Gray Level Run (GLRL), Intensity Based Histogram (IBHF), Two-Dimensional Wavelet Transform ( 2DWT), and Two Dimensional Gabor Filter (2DGF) are also affected by noise (especially the Gaussian type which has a cut-off frequency greater than the Nyquist frequency) [3]. Another study involving CT modality, namely from our previous study, related to the analysis of radiomic features in the diagnosis of liver tumors with different segmentation ROI [4]. There is a weakness in the small accuracy results on some ROIs, this is thought to be due to the use of radiomic features without wavelet features.
The wavelet feature is believed to be more resistant to image noise. Through the use of wavelet scattering radiomic features as compared to using only traditional radiomic features, the prediction results of glioma ratings can be improved by 13% [5]. Another study [6] mentioned the use of wavelet transform-based radiomic textures in estimating Pathological Complete Response (pCR) which showed no residue in breast tissue after surgery, wavelets gave better results than no small waves in radiomic texture analysis.
In an effort to evaluate our previous work [7], based on the fact that wavelets can improve yield in radiomic analysis, this study aims to identify the reliability of involvement of wavelet features in the diagnosis of liver tumors. This work is designed by adding noise to the dataset, then performing feature extraction using or without using radiomic features. The final step is to compare the SNR and Intraclass Correlation Coefficient (ICC) to prove the reliability of the wavelet features in the data. Testing was also performed on CT-based liver tumor data from other sources to test the unbiased reliability of the wavelet features.
Methods
Dataset of Liver Tumor 
The data used are liver tumor data with computed tomography (CT) modality tested in two publicly available dataset groups namely Liver Tumor Segmentation Challenge (LiTS17) [8] and 3D Image Reconstruction for Algorithmic Database Comparison (3D-IRCADb-01) [9]. 
The first data, LiTS17 as in previous studies [7] consisted of 130 subjects from various types of liver tumors, ranging from primary tumors such as HCC and secondary tumors as well as metastases originating from colorectal, breast and lung cancer. Images were acquired from a variety of CT modalities and acquisition protocols. The number of tumors varied from 0 to 12. The actual data label consisted of the liver parenchyma and tumor sections. In this study, restrictions were applied to using only the first 20 subjects and tumor labels only to prevent bias towards the second data to be used as test-retest data.
The second data, 3D-IRCADb-01 consisted of 20 subjects, 10 women and 10 men with a percentage of 75% suffering from liver tumors. The labels in this data are only part of the tumor. The two data did not go through the pre-processing stage at all, so the review was only focused on adding disturbances. 
Noise Additional
 CT images is added by noise namely White Noise. White noise is represented in random signals that have the same intensity at different frequencies, so the power density is constant. In the field of image processing, noise pixels are obtained in a rectangular grid arrangement with a uniform probability distribution over several intervals. In its design, the use of white noise is adopted from the “python-acoustics” package which has specifications of a two-fold increase in power per spectrum band or an increase of 3 dB per octave. SNR 30%                    SNR 50%                      SNR 80%                     SNR 90%                   Original
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Fig.1. Visualization of LiTS17 (top) and 3D-IRCADb-01 (bottom) data images with interference levels according to their respective SNRs.

To assess image reliability at several noise levels, noise testing was determined with SNR levels of 30%, 50%, 80% and 90%. Fig. 1. shows the shape of the noise in each CT image. SNR is a form of comparison between signal level and background noise level. A high SNR value means the image signal is clearer and easier to characterize, while a low SNR value means the signal is unclear or covered by noise and difficult to characterize. SNR can generally be calculated via Equation (1) or (2).  Because the type of noise used is white noise, the correct form for determining SNR is Equation (3).
                                              (1)

                                                                           (2)

                                                (3)

with  is average power signal and  is root mean square (RMS) amplitude of signal, both also applied in noise.  is signal mean and  is standard deviation of the noise.  is signal and  is the spectral height of the white noise and corresponds to the value of the noise power spectrum at all frequencies. 
Tumor Segmentation
LiTS17 data has two types of labels, namely liver parenchyma labels and tumor labels in one image, therefore an effort was made to obtain the Region of Interest (ROI) of the tumor by applying semi-automatic segmentation using the "cv2.findcontours()" package only to the tumor part. The tumor part was identified as having the highest intensity, namely 255, so the image intensity thresholding algorithm was used. The tumor segmentation process does not apply to 3D-IRCADb-01 data because the labels are correct. 
Radiomic Features
The open-source package “Pyradiomics” [10] is used in the feature extraction step of 3D CT images with tumor labels. These radiomic features are divided into 18 first-order features, 75 texture features which are divided into 24 Gray Level Cooccurrence Matrix (GLCM) features, 16 Gray Level Run Length Matrix (GLRLM) features, 16 Gray Level Size Zone Matrix (GLSZM) features, 14 the Gray Level Dependence Matrix (GLDM) feature, as well as at least 5 features of the Neighboring Gray Tone Difference Matrix (NGTDM).
93 features with original image filters or also known as traditional radiomic features, when converted into wavelet derived features, the number increases to 744. Wavelet transformation works by decomposing local intensity into two frequencies, namely low and high. The decomposition process is applied in low-pass filter (known as a scaling function with the symbol L) and a high-pass filter (also known as a wavelet function with the notation H) in each direction. That the total filters resulting from wavelet decomposition are 8 filters for each feature in a three-dimensional image (composed of a combination of three L or H in each direction) [11].
This feature group is not only applied to the original features but also to the derived wavelet features. The type of wavelet used is Daubechies level 1 (db1). The Daubechies wavelet has a lot in common with Haar, but there are some differences with Haar, i.e. for the Daubechies wavelet transform, the signal and wavelet scaling have slightly longer support, i.e. they generate the average and difference just by using some additional values of the signal. It is very effective at compression and noise reduction tasks for both audio and picture signals. So that at the same signal, the Daubechies wavelet is superior to Haar [12].
Statistical Analysis
	Determination of class correlation in data that aims to determine the character of reproducibility is used Intraclass Correlation Coefficient (ICC). For the first and second data, we devised the ICC calculation for the investigation of agreement among raters so the model we used is the two-way random effects model Analysis of Variance (ANOVA), absolute agreement, single rater/measurement, also called ICC (2, 1), the calculation as follows:

                    (4)

with  is mean square for columns,  is mean square for rows,  is means square error,  and  show number of observer and the participant involved. 
According to Koo and Li [13] the ICC interpretation results for inter-rater agreements are divided into 4 groups:
· Poor Reliability: ICC < 0,5
· Moderate Reliability: 0,5 ≤ ICC < 0,75
· Good Reliability: 0,75 ≤ ICC < 0,9
· Excellent Reliability:  ICC ≥ 0,9 
Results and Discussion
Radiomic features obtained from segmented tumors which then go through an extraction process consisting of First-Order feature groups, GLCM, GLRLM, GLSZM, GLDM, and NGTDM are assessed for reliability by testing with or without wavelets against noise interference. The specified noise consists of four different levels. Testing was also performed on other data similar to clinical evidence of liver tumors to validate the feature's reliability against other data. The instrumentation used in testing feature reliability is the Intra-class Correlation Coefficient (ICC).
Robust Features Test in Various SNR
Comparison of original Pyradiomics filter features with Wavelet Daubechies filter level 1 at SNR 30%, 50%, 80%, 90% applied to LiTS data. From 20 subjects, only 16 subjects had tumors. The ICC (2,1) radiomic features of the tumor are presented in Fig. 2 to Fig. 5.
The feature groups in this data prove to be reliable for almost all features, except for the GLSZM feature which is unreliable with 80% noise addition. The feature group that has the highest reliability is GLCM and is included in the good agreement category, while the db1 wavelet derivative can improve the reproducibility of NGTDM features. It is also seen here that the SNR level does not affect the increase or decrease in the correlation.


Graph of feature reliability from LiTS data with the addition of the 30% SNR noise parameter. 


Graph of feature reliability from LiTS data with the addition of the 50% SNR noise parameter.


Graph of feature reliability from LiTS data with the addition of the 80% SNR noise parameter.


Graph of feature reliability from LiTS data with the addition of the 90% SNR noise parameter.
Robust Features on Another Data
Other liver tumor data used as test-retest data in assessing the reliability of radiomic features against noise is 3D-IRCADb-01. With features extracted in tumor sections and subjected to the same interference treatment as in the LiTS data. From 20 available subjects, 15 subjects were found to have tumor labels. The results of the feature reliability assessment were carried out using ICC2, the assessment was focused on reviewing reliable feature groups and filter types.
Table I shows that only the NGTDM texture feature group is quite reliable or is in the moderate category at almost all SNR levels. NGTDM is dominated by higher ICC values using wavelet derived features than without wavelets. While the second data is very different from the first data. There is no relationship between an increase in SNR and an increase in ICC values in this data. Apart from NGTDM, no feature group can be considered reliable. This may be because the original image without added noise is too dark, making it difficult to identify first-order features and other texture features.
For further research, it is recommended to carry out similar pre-processing stages for all data. For the second method, it is possible to track the type of mother wavelet and the level that has the highest performance. Wavelet Daubechies may be better than Haar, but not better than Symlet or Biorthogonal [11]. This can also be proven through performance in machine learning models such as research conducted by Prinzi et al [14].
ICC 3D-IRCADb-01 on Original Radiomic Features and Wavelet Derived Features
	Data
	Feature Cohort
	ICC of Original Feature
	ICC of Daubechies Wavelet Features

	Noise additional with SNR 30%
	firstorder
	0.352
	0.341

	
	GLCM
	0.400
	0.300

	
	GLRLM
	0.355
	0.341

	
	GLSZM
	0.342
	0.332

	
	GLDM
	0.355
	0.337

	
	NGTDM 
	0.630
	0.336

	Noise additional with SNR 50%
	firstorder
	0.351
	0.341

	
	GLCM
	0.457
	0.213

	
	GLRLM
	0.355
	0.340

	
	GLSZM
	0.341
	0.327

	
	GLDM
	0.360
	0.337

	
	NGTDM 
	0.020
	0.379

	Noise additional with SNR 80%
	firstorder
	0.351
	0.341

	
	GLCM
	0.353
	0.211

	
	GLRLM
	0.357
	0.340

	
	GLSZM
	0.342
	0.328

	
	GLDM
	0.369
	0.339

	
	NGTDM 
	0.481
	0.551

	Noise additional with SNR 90%
	firstorder
	0.351
	0.341

	
	GLCM
	0.366
	0.193

	
	GLRLM
	0.358
	0.340

	
	GLSZM
	0.337
	0.329

	
	GLDM
	0.370
	0.339

	
	NGTDM 
	0.304
	0.582


Conclusion
Wavelet derived features, in this scope Daubechies level 1 type is used for noise interference added to the radiomic features of liver tumors which indicates that this type of wavelet derived feature is only able to increase the reliability of one group of features, namely the NGTDM texture features. The comparison results between using radiomic features with original image filters and using derived wavelet features state that the derived wavelet features do not have a big influence on LiTS17 data, many original features also produce higher ICC features in groups other than NGTDM. This cannot be validated with data support because the intensity of the supporting data image before the disturbance is not good.
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SNR 30%

Original	firstorder	GLCM	GLRLM	GLSZM	GLDM	NGTDM 	0.55714711861626498	0.96176764559460404	0.56345020995782802	0.67234461424385294	0.59937903923444402	0.764104394665992	Daubechies wavelet	firstorder	GLCM	GLRLM	GLSZM	GLDM	NGTDM 	0.54610494511283403	0.94647780548799099	0.55653044097186	0.68091748170292099	0.59148630267501301	0.95095078847786596	
ICC




SNR 50%

Original	firstorder	GLCM	GLRLM	GLSZM	GLDM	NGTDM 	0.55818398367063005	0.88362107107996901	0.56330676151092196	0.482505425806107	0.53166980243576201	0.67080399604941898	Daubechies wavelet	firstorder	GLCM	GLRLM	GLSZM	GLDM	NGTDM 	0.54901802778247999	0.84934694497661101	0.55778842178531096	0.59391151261406605	0.59575542187399599	0.90781613791967597	
ICC




SNR 80%

Original	firstorder	GLCM	GLRLM	GLSZM	GLDM	NGTDM 	0.55908605979905801	0.70047848653362499	0.56703027059946398	0.47079898369529199	0.54249374094788505	0.65310425131387895	Daubechies wavelet	firstorder	GLCM	GLRLM	GLSZM	GLDM	NGTDM 	0.54729719664951604	0.67132001906555405	0.55929182964695101	0.417651359663888	0.59123511530199202	0.80412434457610504	
ICC




SNR 90%

Original	firstorder	GLCM	GLRLM	GLSZM	GLDM	NGTDM 	0.55936646144170499	0.64053424610843901	0.56903525571047597	0.51305166594556395	0.54892858426402702	0.69416942911659896	Daubechies wavelet	firstorder	GLCM	GLRLM	GLSZM	GLDM	NGTDM 	0.54754727981914098	0.62322636450524305	0.55999179238085595	0.440386907923212	0.59024499845450795	0.76830399374657798	
ICC
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