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TRIPOD Checklist: Prediction Model Development and Validation 

Section Item Checklist description
Reported on Page 
Number/Line 
Number

Reported on  
Section/Paragraph

Title and abstract

Title 1 D;V Identify the study as developing and/or validating a multivariable prediction model, the target 

population, and the outcome to be predicted.

Abstract 2 D;V Provide a summary of objectives, study design, setting, participants, sample size, predictors, 

outcome, statistical analysis, results, and conclusions.

Introduction

Background and 

objectives

3a D;V Explain the medical context (including whether diagnostic or prognostic) and rationale for developing 

or validating the multivariable prediction model, including references to existing models.

3b D;V Specify the objectives, including whether the study describes the development or validation of the 

model or both.

Methods

Source of data 4a D;V Describe the study design or source of data (e.g., randomized trial, cohort, or registry data), 

separately for the development and validation data sets, ifapplicable.

4b D;V Specify the key study dates, including start of accrual; end of accrual; and, if applicable, end of follow-up.

Participants 5a D;V Specify key elements of the study setting (e.g., primary care, secondary care, general population) 

including number and location of centres.

5b D;V Describe eligibility criteria for participants.

5c D;V Give details of treatments received, if relevant.

Outcome 6a D;V Clearly define the outcome that is predicted by the prediction model, including how and when 

assessed.

6b D;V Report any actions to blind assessment of the outcome to be predicted.

Predictors 7a D;V Clearly define all predictors used in developing or validating the multivariable prediction model, 

including how and when they were measured.

7b D;V Report any actions to blind assessment of predictors for the outcome and other predictors.

Sample size 8 D;V Explain how the study size was arrived at.
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Missing data 9 D;V Describe how missing data were handled (e.g., complete-case analysis, single imputation, multiple 

imputation) with details of any imputation method.

Statistical analysis 

methods

10a D Describe how predictors were handled in the analyses.

10b D Specify type of model, all model-building procedures (including any predictor selection), and method 

for internal validation.

10c V For validation, describe how the predictions were calculated. 

10d D;V Specify all measures used to assess model performance and, if relevant, to compare multiple models.

10e V Describe any model updating (e.g., recalibration) arising from the validation, if done. 

Risk groups 11 D;V Provide details on how risk groups were created, if done.

Development vs. 

validation 

12 V For validation, identify any differences from the development data in setting, eligibility criteria, 

outcome, and predictors.  

Results

Participants 13a D;V Describe the flow of participants through the study, including the number of participants with and 

without the outcome and, if applicable, a summary of the follow-up time. A diagram may be helpful.

13b D;V Describe the characteristics of the participants (basic demographics, clinical features, available 

predictors), including the number of participants with missing data for predictors and outcome.

13c V For validation, show a comparison with the development data of the distribution of important 

variables (demographics, predictors and outcome).  

Model 

development

14a D Specify the number of participants and outcome events in each analysis.

14b D If done, report the unadjusted association between each candidate predictor and outcome.

Model 

specification

15a D Present the full prediction model to allow predictions for individuals (i.e., all regression coefficients, 

and model intercept or baseline survival at a given time point).

15b D Explain how to the use the prediction model.

Model 

performance

16 D;V Report performance measures (with CIs) for the prediction model.

Model-updating 17 V If done, report the results from any model updating (i.e., model specification, model performance). 

Discussion

Limitations 18 D;V Discuss any limitations of the study (such as nonrepresentative sample, few events per predictor, 

missing data).
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Interpretation 19a V For validation, discuss the results with reference to performance in the development data, and any 

other validation data.  

19b D;V Give an overall interpretation of the results, considering objectives, limitations, and results from similar 

studies, and other relevant evidence.

Implications 20 D;V Discuss the potential clinical use of the model and implications for future research.

Other information

Supplementary 

information

21 D;V Provide information about the availability of supplementary resources, such as study protocol, Web 

calculator, and data sets.

Funding 22 D;V Give the source of funding and the role of the funders for the present study.

* Items relevant only to the development of a prediction model are denoted by D, items relating solely to a validation of a prediction model are denoted by V, and items relating to 
both are denoted D;V. We recommend using the TRIPOD Checklist in conjunction with the TRIPOD Explanation and Elaboration document.
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	文本域10116: Page8/Line 141-149.
	文本域10120: Page 9/ Line 167-172., Table 4 and Figure 4.
	文本域1043: "Wavelet Transform Can Enhance the CT Texture Features: A Multicenter Radiomics Study for Grade Assessment of COVID-19 Pulmonary Lesions"
	文本域1054: "The outbreak of coronavirus disease 2019 (COVID-19) had rapidly spread to most countries. Many affected patients developed pneumonia and progressed rapidly into severe acute respiratory failure with a poor prognosis and high mortality (1,2). The World Health Organization (WHO) reported that there had been 460,280,168 confirmed cases of COVID-19, with 6,050,018 confirmed deaths, by 17 March 2022 (3). Moreover, COVID-19 patients may have an increased risk of mental illness, etc., seriously threatening their health and lives (4). Therefore, early diagnosis and severity assessment of COVID-19 continue to be critical in responding to the global pandemic.As we all know, reverse transcription-polymerase chain reaction (RT-PCR) is still the gold-standard for COVID-19 diagnosis, but there are still some practical problems. Firstly, RT-PCR test sensitivity is not high enough because of the laboratory error or low viral load present in test specimens (5). In addition, the kits for RT-PCR are in short supply in some developing countries (6). As a result, chest x-ray (CXR) and chest computed tomography (CT) was used as the first-line investigation and patient management tools in some countries (7, 8). Especially chest CT, can show clear early lesions and achieve high sensitivity if diagnosed by experienced radiologists. So chest CT played an important role in diagnosing positive COVID-19 cases and confirming the severity of pneumonia and even could be considered an essential tool in many epidemic areas (6). For faster and more accurate examination, much artificial intelligence (AI) techniques for automated COVID-19 lesion detection and quantitative analysis from CT images, i.e., based on deep learning and radiomics, had been developed (9-18). Besides lesion detection, assessing the grade for COVID-19 pulmonary lesions was important to the hierarchical management and treatment of infected patients (19). However, there were fewer studies attention on the application of AI in grade diagnosis of pulmonary lesions (20). Moreover, many related studies only used “pure” datasets accrued from the unified vendor scanners (21,22), which limited the real generalizability of AI models (23). So it’s necessary to develop a more robust AI grading tool based on real-world multicenter datasets."
	文本域1049: "Background: We aimed to develop and validate a computed tomography (CT)-based wavelet transforming radiomics approach to diagnosing coronavirus disease 2019 (COVID-19) pulmonary lesion grade, with a real-world multicenter validation.Methods: This retrospective analysis included 111 patients with 187 pulmonary lesions from 16 hospitals, who all confirmed COVID-19 and underwent non-contrast chest CT scans. The data were divided into a training cohort (72 patients with 127 lesions from 9 hospitals) and an independent test cohort (39 patients with 60 lesions from 7 hospitals) according to the hospital where they underwent CT. A total of 73 texture features were extracted from manually delineated lesion volumes, and 23 three-dimensional wavelets with 8 decomposition modes were implemented for comparing and validating the value of wavelet transform for grade assessment. Finally, the optimal machine learning pipeline, valuable radiomic features, and the final radiomic models were determined. The area under the receiver operating characteristic curve (AUC), calibration curve, and decision curve were used to determine the diagnostic performance and clinical utility.Results: Among the 187 lesions, 108 (57.75%) lesions were diagnosed as mild lesions and 79 (42.25%) were moderate/severe lesions. All the selected radiomic features showed significant correlations with COVID-19 pulmonary lesions grade (P < 0.05). Biorthogonal 1.1 LLL was determined as the optimal wavelet transforming mode through comparisons. The wavelet transforming radiomic model had an AUC of 0.910 in the test cohort, outperforming the original radiomic model (AUC of 0.880, P < 0.05). Decision analysis showed the radiomic model could add net benefit at any given threshold of probability.Conclusions: Wavelet transform could enhance the CT texture features, and CT-based wavelet transforming radiomics can effectively implement grade assessment of COVID-19 pulmonary lesions, which may facilitate individualized management of COVID-19 infected patients."
	文本域1055: "Radiomics, as a relatively mature medical image analysis technology, can not only build prediction models with high diagnostic performance but also mine valuable imaging features, which could provide guidance for clinical practice (24-26). Some previous radiomics studies suggested wavelet transform could be helpful to radiomics analysis (27-29). However, so far, no study focused on discussing the influence of various wavelets on radiomic features and models.In this real-world multicenter study, we aimed to explore and compare 23 three-dimensional wavelets, and develop an intelligent classifier for grade assessment of COVID-19 pulmonary lesions based on CT images from 16 hospitals with 14 different imaging platforms, helping to further release the radiologist's work-load, reduce misdiagnosis, and improve the accuracy of diagnosis. We present the following article in accordance with the TRIPOD reporting checklist."
	文本域1057: "A total of 174 patients with COVID-19 confirmed by RT-PCR examinations were collected from 16 hospitals in Sichuan Province, China between January 2020 and March 2020. All patients underwent non-contrast chest CT scans. The exclusion criteria were as follows: (1) the quality of CT images is insufficient (n = 42); (2) the grade assessment of lesion is uncertain (n = 21). Finally, 187 pulmonary lesions of 111 patients were included in this study. The study data were divided into two cohorts according to the hospital where they under-went CT: a training cohort (72 patients with 127 lesions from 9 hospitals) and a test cohort (39 patients with 60 lesions from 7 hospitals). The inclusion and exclusion flowchart of the study population was showed in Figure 2."
	文本域10111: "Finally, 187 pulmonary lesions of 111 patients were included in this study. The study data were divided into two cohorts according to the hospital where they under-went CT: a training cohort (72 patients with 127 lesions from 9 hospitals) and a test cohort (39 patients with 60 lesions from 7 hospitals)....."
	文本域10117: "The grade assessment was assessed by one radiologist in chest CT imaging with more than 10 years of experience. In brief, a lesion with scattered ground-glass nodules (GGOs) was regarded as a mild lesion, and a high-density lesion with continuous GGOs or even large areas of GGOs was regarded as a moderate/severe lesion. Specifically, a lesion was moderate only with continuous GGOs occurring, and a lesion was severe with the continuous GGOs occurring, regional texture smoothness, and higher CT values (8,10,30). Finally, 108 lesions were classified as mild lesions and 79 lesions were moderate/severe lesions. The clinical characteristics of study population were provided in Table 1..."
	文本域10121: See Table 4 and Figure 4. and "we extracted 73 texture features from each VOI in the original CT image, which contained 22 gray level co-occurrence matrix (GLCM) features, 16 gray level run length matrix (GLRLM) features, 16 gray level size zone matrix (GLSZM) features, 14 gray level dependence matrix (GLDM) features, and 5 neighbouring gray tone difference matrix (NGTDM) features.."
	文本域1073: "A total of 174 patients with COVID-19 confirmed by RT-PCR examinations were collected from 16 hospitals in Sichuan Province, China between January 2020 and March 2020. "
	文本域10112: See Figure 2. and "The exclusion criteria were as follows: (1) the quality of CT images is insufficient (n = 42); (2) the grade assessment of lesion is uncertain (n = 21)."
	文本域10114: Not relevant.
	文本域10118: "Based on the machine learning pipeline, we determined the valuable texture features in the original image at first, then the same texture features were selected from all the wavelet translated images (23 wavelets with 8 decomposition modes). Finally, all the selected features groups were modeled and compared. According the comparison, the optimal wavelet transforming radiomic model was determined....."
	文本域10122: "The optimal pipeline was set as follows: data normalization was implemented at first. Then, a BorutaShap algorithm (37,38) was performed to select the best subset of features, which was a wrapper method combining Boruta algorithm (39) with Shapley Additive Explanations (SHAP) (40). Based on the selected features, the random forest model was built in the training cohort with 10-fold cross-validation and tested in the test cohort.."
	文本域10124: "The wavelet transforming radiomic models were designed to assess the grade of COVID-19 pulmonary lesions quickly and accurately. A total of 111 patients with 187 pulmonary lesions were analyzed retrospectively in our study. Seventy-three quantitative texture features were extracted from the volume of interest (VOI) of the pulmonary lesion based on the original and 23 wavelets transforming CT images, respectively. At first, we determined the optimal machine learning pipeline by comparing multiple feature selection algorithms and modeling methods. Then, we selected the valuable features from each image mode. A total of 184 radiomic models of 23 wavelets with 8 decomposition modes were built and compared by using the area under the receiver operating characteristic curve (AUC) and Delong test. Then, the final radiomic model was developed in the training cohort and evaluated in the test cohort. We also implemented radiomic feature analysis and feature map analysis. The workflow of the study is provided in Figure 1..."
	文本域1074: Page 7/Line 131-133.
	文本域10113: Page 7/Line 133-135 and Page 29/Line 560-563.
	文本域10115: N/A
	文本域10119: Page 10/Line 189-193
	文本域10123: Page 9-10/Line 191-193
	文本域10125: Page 7/Line 117-129.
	文本域1062: N/A, see Figure 2.
	文本域1063: Page 10/Line 194-198.
	文本域10130: Page 10-11/Line 199-206.
	文本域10132: Page28-29, Line 552-564, see Figure 1 and Figure 2.
	文本域10134: Table 1, and Page 11/Line 209-214.
	文本域10136: See Table 1, Table S1.
	文本域10142: Figure 4. Page 31/ Line 572-580.
	文本域10146: Page 11-12/ Line224-246.And see Figure3 and Table 5.
	文本域10150: Page 15 /Line 302-317.
	文本域1079: After data exclusion, the included data were complete.
	文本域1080: "Then, the final radiomic model was developed in the training cohort, and evaluated in the test cohort...."
	文本域10131: "Statistical analysis was mainly performed with R (version 3.5.3; www.r-project.org). All the machine learning and image processing algorithms were implemented by Python (version 3.7.11; www.python.org). Chi-squared test was used to test the differences in count variables, and Mann-Whiney U test was used in continuous variables. Spearman’s test was used to assess the associations between different features. Inter-observer variability of feature extraction was evaluated by intraclass correlation coefficient (ICC). The difference in efficacy between different ROC curves was determined by using Delong test. P < 0.05 meant statistically significant..."
	文本域10133: Mainly see Figure 2.
	文本域10135: Table 1 and  "As shown in Table 1, 80 (74.07%) lesions were defined as mild lesions in the training cohort. Of the test cohort, 28 (25.93%) lesions were defined as mild lesions. In all, 108 (57.75%) lesions were mild lesions and 79 (42.25%) were moderate/severe lesions. In the mild lesions, the mean age was 46.51 ± 12.3, which was higher than the mean age (42.65 ± 11.58) in the moderate/severe lesions (P = 0.030)."
	文本域10137: Table 1 and  Table S1.
	文本域10143: See Figure 4.
	文本域10147: "The comparison of wavelets transform modelsThe same radiomic features were selected from all wavelet translated images (23 wavelets with 8 decomposition modes; 184 image modes in total). Figure S2 provided the main comparison results. Of all wavelet transforming radiomic models, the bior 1.1 showed the best performance, and LLL decomposition mode generally had the higher diagnostic performance in all image modes. As shown in Figure 3, bior 1.1 LLL model had an AUC of 0.97 in the training cohort and an AUC of 0.91 in the test cohort, which was significantly better than the original radiomic model (AUC of 0.880, P < 0.05).Overall performance of the final radiomic modelThrough the comparison, the bior 1.1 LLL model was choosed as the optimal radiomic classifier, and the feature maps were calculated. Table 5 showed the detailed performance evaluation of our radiomic model. The radiomic model had a macro average precision of 0.93, with a sensitivity of 93.75% and a specificity of 93.62% in the training cohort. And the model had a macro average precision of 0.84, with a sensitivity of 96.43% and a specificity of 68.75% in the test cohort. Then, the calibration curves and decision curves in the training and test cohort were provided in Figure 4.The calibration curves showed that the radiomic model got a mean absolute error (MAE) of 0.012 in the training cohort and a MAE of 0.030 in the test cohort. Through decision analysis, our radiomic model could add more benefit than using the treat-all scheme or the treat-none scheme at any given threshold of probability. Two chest CT examples diagnosed by using the radiomic model with feature maps were shown in Figure 5, which showed the visualization of radiomic features, helping to clinical decision making...."
	文本域10151: "In addition, we found the mean age of mild lesions (46.51 ± 12.3) is significantly higher than moderate/severe lesions (42.65 ± 11.58; P = 0.030) in this dataset. We don't think this is a good clinical conclusion, but there is just a trend in this dataset. This result does not affect the main points of this study, because our radiomic model was constructed purely based on CT images and clinical factors were not incorporated into the model.There are also some limitations to our current study. First, as a retrospective study, the own potential bias is inevitable and many clinical information aren’t enrolled in the study. The prospective study can provide more convincing evidence. Second, the segmentation of pulmonary lesions in our study was not fine enough. However, we validated the feasibility of the radiomics application based on rough segmentation. Third, 16 hospitals in the study were from Sichuan Provence, China. We cannot determine whether there are regional differences that affect the extension of our radiomic models. Thus, a larger multi-regional prospective study is needed for verification. Fourth, due to the different research purposes, we did not explore more advanced AI algorithms.."
	文本域1081: "To facilitate clinical use, the receiver operator characteristic (ROC) curve, calibration curve, and decision curve were used to evaluate the diagnostic performance and clinical utility."
	文本域1082: Page10/ Line196-198.
	文本域1083: "Then, the final radiomic model was developed in the training cohort, and evaluated in the test cohort. To facilitate clinical use, the receiver operator characteristic (ROC) curve, calibration curve, and decision curve were used to evaluate the diagnostic performance and clinical utility....."
	文本域1084: "Comparison of different waveletsBased on the machine learning pipeline, we determined the valuable texture features in the original image at first, then the same texture features were selected from all the wavelet translated images (23 wavelets with 8 decomposition modes). Finally, all the selected features groups were modeled and compared. According the comparison, the optimal wavelet transforming radiomic model was determined.Radiomic model and statistical analysisThen, the final radiomic model was developed in the training cohort, and evaluated in the test cohort. To facilitate clinical use, the receiver operator characteristic (ROC) curve, calibration curve, and decision curve were used to evaluate the diagnostic performance and clinical utility..."
	文本域10126: Not need model updating in our study.
	文本域10128: No risk groups in the study.
	文本域10138: See Figure 2.
	文本域10140: Figure 3 and Table 3.
	文本域10144: See Figure 5.
	文本域10148: Not need model-updating.
	文本域1085: Page10-11/Line 195-206
	文本域1086: Page 10/ Line 189-198.
	文本域10127: N/A
	文本域10129: N/A
	文本域10139: See Figure 2.
	文本域10141: Figure 3 and Table 3.
	文本域10145: Figure 5. Page 30/Line 581-588.
	文本域10149: N/A
	文本域1067: Article information:https://dx.doi.org/10.21037/qims-22-252*As the checklist was provided upon initial submission, the page number/line number reported may be changed due to copyediting and may not be referable in the published version. In this case, the section/paragraph may be used as an alternative reference.
	文本域10152: Page 13-14/Line 248-262..
	文本域10154: Page 13-14/Line 263-293.
	文本域10158: Supplementary Material
	文本域10153: "In clinical practice, grade assessment of COVID-19 pulmonary lesions (mild or moderate/severe) is of great significance to the further severity diagnosis and treatment of patients. Intelligent CT image diagnostic tools may overcome the subjectivity and inconsistencies of physicians’ assessments, helping promote precision treatment, especially true in COVID-19 epidemic areas with low diagnosis levels. Here, we developed and validated a CT-based wavelet transforming radiomics nomogram, which had a high and robust diagnostic performance in the real-world multicenter study (AUC of 97.3% in the training cohort; AUC of 92.1% in the test cohort).With the global epidemic of COVID-19, there were a lot of AI-based COVID-19 diagnostic studies (41,42). However, most of the medical imaging AI technologies related to COVID-19 focused on object detection, aided diagnosis, progress prediction, etc. (20). Compared with the available studies assessing the severity of COVID-19 (21,22,43), our radiomics nomogram showed very high predictive performance and robustness. In addition to building the diagnostic model, this study also found some interesting insights in CT radiomics...."
	文本域10155: "In the real world, there must be multi-vendor data with confounding and discrepant information, which seriously affects the realization and promotion of AI (23). Under the circumstances, deep learning is often difficult to train and underperforms, and the feature engineering-based radiomics may show superior performance (44,45). Meanwhile, advanced feature selection algorithms can help solve the curse of dimensionality (46). In our study, the BorutaShap combined Boruta built based on a random forest model with Shapley values (37), which could provide a better features subset and the most accurate global feature rankings. And SHAP improved the interpretability of machine learning (47). As the results showed, BorutaShap is suitable for analyzing and processing complex heterogeneous biomedical data.Previous studies have shown the value of texture features in imaging diagnosis of inflammation and tumors (48-50), and some studies have also suggested that the wavelet transform may increase the value of texture features (27,51), but the specific clinical research lacks. In our study, we found that the wavelet transforming radiomics showed better performance than original radiomics (AUC = 0.921 versus AUC = 0.880; P < 0.05). The results make us have to consider that wavelet transform may really amplify the heterogeneity information of texture features in medical images to a certain extent. Zhou et al. found that wavelet-transformed textures outperformed original textures in MRI (28), and Chaddad A et al. also showed that multiscale texture features based on 3D wavelet transform were more sensitive to discriminate colorectal cancer grades (29). All these provided evidence for further discussion of the influence of wavelet transform on texture features. Moreover, we found that haar, db 1, sym 2, coif 1, coif 2, and bior 1.1 wavelets were more valuable in our dataset (see Figure S2). As we know, wavelet transform can decompose image signals by using the low pass and high pass filters. We usually don’t know which filter is better for amplifying critical information. But in our study, the LLL decomposition modes of three-dimensional wavelets all showed better diagnostic performance, which may provide reference to other studies. In order to show the influence of different decomposition modes on radiomic features, here, taking GLCM autocorrelation (F2) as an example, we provided the feature maps in eight decomposition modes (see Figure S3). We could find that the feature map shows more hierarchical changes and information content in the LLL mode.."
	文本域10159: Supplementary Material
	文本域10156: "In conclusion, our study demonstrated that CT-based wavelet transforming radiomics outperformed original radiomics for grade assessment of COVID-19 pulmonary lesions, which showed high accuracy and robustness in a multicenter validation. Therefore, our radiomic model may be used as a diagnostic tool, helping the efficient clinical diagnosis and decision making."
	文本域10160: "This work was financially supported by National Key Research and Development Program of China (Grant No. 2020YFB1711500); the 1·3·5 project for disciplines of excellence, West China Hospital, Sichuan University (Grant Nos. ZYYC21004, ZYJC21081); and the Department of Science and Technology of Sichuan Province (Grant No. 2020YFS0556)."
	文本域10157: Page 15-16/Line 319-323.
	文本域10161: Page16/Line 327-331. See Funding.


