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Objective

To determine whether there is a correlation between texture features extracted from high-resolution T2-weighted imaging (HR-T2WI) or apparent diffusion coefficient (ADC) maps and the preoperative T stage (stages T1–2 versus T3–4) in rectal carcinomas.



Materials and Methods

One hundred and fifty four patients with rectal carcinomas who underwent preoperative HR-T2WI and diffusion-weighted imaging were enrolled. Patients were divided into training (n = 89) and validation (n = 65) cohorts. 3D Slicer was used to segment the entire volume of interest for whole tumors based on HR-T2WI and ADC maps. The least absolute shrinkage and selection operator (LASSO) was performed to select feature. The significantly difference was tested by the independent sample t-test and Mann-Whitney U test. The support vector machine (SVM) model was used to develop classification models. The correlation between features and T stage was assessed by Spearman’s correlation analysis. Multivariate logistic regression analysis was performed to identify independent predictors of tumor invasion. The performance of classifiers was evaluated by the receiver operating characteristic (ROC) curves.



Results

The wavelet HHH NGTDM strength (RS = -0.364, P < 0.001) from HR-T2WI was an independent predictor of stage T3–4 tumors. The shape maximum 2D diameter column (RS = 0.431, P < 0.001), log σ = 5.0 mm 3D first-order maximum (RS = 0.276, P = 0.009), and log σ = 5.0 mm 3D first-order interquartile range (RS = -0.229, P = 0.032) from ADC maps were independent predictors. In training cohorts, the classification models from HR-T2WI, ADC maps and the combination of two achieved the area under the ROC curves (AUCs) of 0.877, 0.902 and 0.941, with the accuracy of 79.78%, 89.86% and 89.89%, respectively. In validation cohorts, the three models achieved AUCs of 0.845, 0.881 and 0.910, with the accuracy of 78.46%, 83.08% and 87.69%, respectively.



Conclusions

Texture analysis based on ADC maps shows more potential than HR-T2WI in identifying preoperative T stage in rectal carcinomas. The combined application of HR-T2WI and ADC maps may help to improve the accuracy of preoperative diagnosis of rectal cancer invasion.
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Introduction

Colorectal cancer is the second most common cancer in females and the third most common cancer in males in the United States, and 30–35% of colorectal cancers occur in the rectum (1, 2). In recent years, the incidence and mortality of rectal cancer have gradually increased, showing the imbalance both in age and region, and because of the occult onset of early rectal cancer, most patients are already in the locally advanced stage at the first diagnosis (3, 4).

Surgical resection has been considered the standard treatment for patients with early rectal cancer (stages T1–2), while locally advanced stage (stages T3–4) requires total mesorectal excision (TME) after neoadjuvant chemoradiotherapy (NCRT) (5). Thus, the precise preoperative stage of rectal cancer is vitally important. However, there are challenges in diagnosing whether the stage is T2 or T3, because the perirectal desmoplastic fibrotic response is similar with tumor penetration through the muscular rectal wall, which blurs the tumor borders (6). As the gold standard for disease diagnosis, the pathological result is usually obtained after surgery and cannot be used as a routine method to guide clinical diagnosis and treatment (7). Therefore, a comprehensive noninvasive method is desired to make the preoperative risk stratification available and dependable.

As a routine examination of rectal cancer, magnetic resonance imaging (MRI) has been widely accepted as the main examination method for preoperative diagnosis of rectal cancer, selection of treatment methods, and postoperative efficacy evaluation (8–10). High-resolution T2-weighted imaging (HR-T2WI) is currently a routine sequence for MRIs to check the degree of rectal tumor invasion (11, 12). Neoplasms show a slightly higher signal than normal rectal tissue on T2WI images. Previous studies have suggested that HR-T2WI, which allows higher spatial or temporal resolution acquisitions and consequently has better signal-to-noise ratio, has better accuracy in distinguishing tumors from normal rectal tissues and diagnosing preoperative T stages of rectal cancers (13, 14).

Apparent diffusion coefficient (ADC) maps were calculated from diffusion-weighted imaging (DWI), which obtained image contrast based on differences in the mobility of water protons between tissues with two different b values. ADC values have been approved to be accurate in the discrimination of benign and malignant lesions and tumor assessment (15), and a lower value shows the denser cell structure of the corresponding area. A recent study showed that this quantitative index may reflect the invasion of tumor tissue into normal tissue in patients with rectal cancers (16).

Texture analysis, one of the “radiomics” aspects, is a tool for high-throughput extraction and analysis of quantitative features obtained from medical images, including computed tomography, MRI, or positron emission tomography (17, 18). This technique facilitates the prediction of tumor stage and aggressiveness, which provides a more objective method to support individual treatment options (19). As a radiology signature, the potential benefit of texture analysis has been highlighted in many studies involving clinical diagnosis, therapy selection, treatment response assessment, and so on (20–23).

However, to the best of our knowledge, the number of studies on the texture analysis of rectal ADC maps is small. Meanwhile, in most of the past studies, ROI delineations were mostly carried out on the slice images that showed the largest tumor dimension (6, 24). This study was to extract texture features from the whole tumor volume based on HR-T2WI images and ADC maps, and evaluate the performance of classification models established by three-dimensional (3D) features in predicting the preoperative T stage (stages T1-2 versus T3-4) in rectal carcinomas.



Materials and Methods

This study was approved by the Ethics Review Board of Shengjing Hospital of China Medical University (2020PS011K). Requirements for written informed consent were waived because of the retrospective nature of the study. The flow chart of this research is shown in Figure 1.




Figure 1 | The flow chart of this research. VOI, volume of interest.




Patient Cohort

Between April 2014 and December 2019, the records of 538 patients who underwent rectal MRI were reviewed using the picture archiving and communication system. A total of 283 patients were initially selected using the following inclusion criteria: 1) patients who underwent preoperative rectal HR-T2WI and DWI examinations, and 2) who underwent radical rectal cancer surgery within 1 month after MRI, 3) patients with postoperative pathology involving confirmed rectal carcinomas. One hundred and twenty-nine patients were excluded for the following reasons: 1) incomplete medical records (such as a lack of T staging information) (n = 41), 2) obvious artifacts in the images (n = 9), 3) patients with mucinous carcinoma (such patients having low cell density and high ADC values that may cause larger deviations in the results) (n = 30), and 4) patients who received NCRT before MRI examinations (n = 49). Finally, 154 patients were enrolled in this study. These patients were divided in a training cohort (n = 89; 60 males, 29 females; mean age, 61.5 ± 11.2 years; range, 26–85 years) and a validation cohort (n = 65; 44 males, 21 females; mean age 61.2 ± 11.3; range, 27–82) by different MRI scanners. In each cohort, the patients were divided into a low T stage (stages T1–2) group and a high T stage (stages T3–4) group according to pathological results.



MRI Image Acquisition

The patients lay on the scanning bed in a supine position without bowel preparation or intravenous injection of antispasmodics. An axial HR-T2WI sequence and axial DWI sequence were conducted during the MRI examination, using an eight-channel phased array surface coil. Eighty-nine patients were examined with a 3.0 Tesla (T) MRI scanner (Ingenia 3.0; Philips Medical System, Best, The Netherlands). The acquisition parameters were as follows: repetition time/echo time, 6,000/76 ms; flip angle, 90°; matrix size, 576 × 576; field of view, 450 mm; slices, 48; slice thickness, 5 mm; spacing between slices, 1 mm; b values, 0 and 600 s/mm2. Sixty-five patients were imaged with another 3.0T MRI scanner (Signa HDxt, GE Healthcare). The acquisition parameters were as follows: repetition time/echo time, 6540/130 ms; flip angle, 90°; matrix size, 320 × 320; field of view, 360 mm; slices, 45; slice thickness, 5 mm; spacing between slices, 1 mm; b values, 0 and 600 s/mm2.



ADC Map Acquisition

ADC maps were obtained with MATLAB R2018b (Mathworks, Natick, MA, USA) based on DWI images and calculated using the formula:

	

where SI0 and SI1 represent the signal intensity of the pixel when the b value is 0 and 600 s/mm2, respectively.



Lesion Segmentation

For each patient, two radiologists with more than 10 years of experience in rectal MRI took part in determining the tumor area using HR-T2WI with the DWI images as references. They individually and manually segmented the entire volume of interest (VOI) on HR-T2WI images, slice by slice, using 3D Slicer (version 4.10.2, www.slicer.org). Both of the two radiologists were blinded to the pathological results. Obvious lumen content areas, necrosis, and gas were excluded from subsequent analysis. The delineated VOIs based on the HR-T2WI images were exactly copied to the same location of ADC maps.



Texture Extraction and Selection

The VOIs were first reconstructed into 3D labels and the reconstructed labels were placed on HR-T2WI and ADC maps to calculate features, and both of the two images were smoothed by the 8 mm Laplacian of Gaussian filter (25). A plug-in from 3D Slicer, Pyradiomics, was used for feature extraction. The extracted features were classified into the following categories: 1) shape-based features, 2) first-order statistics, 3) gray level dependence matrix (GLDM) features, 4) gray level co-occurrence matrix (GLCM) features, 5) gray level run length matrix features (GLRLM), 6) gray level size zone matrix (GLSZM) features, and 7) neighborhood gray-tone difference matrix (NGTDM) features. Features other than shape-based features were extracted from wavelet, Laplacian of Gaussian (Log), and original images. For wavelet transforms, each image was transformed in the x, y, and z directions using a low band pass filter or a high band pass filter. For Log transforms, the sigma (σ) values were 2.0, 3.0, 4.0, and 5.0 mm, respectively. As a result, for each patient, 1226 features were derived from HR-T2WI and ADC maps.

The above features were screened using MATLAB R2018b. First, highly correlated features were removed with coefficients greater than 0.95 using Pearson’s correlation analysis. Then, the least absolute shrinkage and selection operator (LASSO) was used to reduce the dimensionality of the remaining features with 10-fold cross-validation to avoid the overfitting. Finally, the optimal subsets of features selected by LASSO with 10 fold cross validation were statistically tested to select significant features.



Statistical Analysis

All statistical analyses were performed using SPSS statistical software for Windows (IBM, Armonk, NY, USA), and P < 0.05 was considered statistically significant. The chi-square test was performed on categorical variables between different T stage groups. The Kolmogorov-Smirnov test was first used to check whether quantitative variables satisfied a normal distribution. If it satisfied a normal distribution, the independent sample t-test was performed between low and high T stage groups. Otherwise, the Mann-Whitney U test was performed. A support vector machine (SVM) method with 10 fold cross validation was used to establish a classification model based on the statistically significant texture features. Spearman’s correlation analysis was conducted to assess the correlation between features and tumor T stage. Multivariate logistic regression analysis was also used to evaluate whether the statistically significant features were independent predictors of T3–4 rectal tumors. The performance of classification models in predicting the different T stages of rectal tumors was evaluated using receiver operating characteristic curve analyses by Medcalc (version 14.10.20, www.medcalc.org) by measuring the area under the ROC curve (AUC). In addition, the corresponding sensitivity and specificity were also determined.

The intraclass correlation coefficients (ICCs) were calculated to evaluate the interobserver variability between two radiologists delineating the VOIs and extracting features (0–0.4, poor agreement; 0.41–0.6, moderate agreement; 0.61–0.8, good agreement; and 0.81–0.9, excellent agreement).




Results


Clinical Characteristics Analysis

A case was randomly selected to display the results of the VOI segmentation, as shown in Figure 2. The clinical and pathological characteristics of the cases selected in this study are shown in Table 1. There was no significant difference between low and high T stage groups in the terms of age (P = 0.589), sex (P = 0.980), and location of the lesion (P = 0.083). Lymph node invasion showed a significant difference between the two groups (P = 0.008).




Figure 2 | Results of the delineation of the VOI. (A, C) High-resolution T2-weighted imaging and apparent diffusion coefficient maps at the same slice level, respectively. (B, D) The result of lesion segmentation. The green marked part is the delineated lesion. (E) The three-dimensional label of the whole tumor.




Table 1 | Clinical and pathological characteristics of the cases selected for analysis.





Interobserver Agreement Evaluation

Features derived from the VOIs segmented separately by two radiologists showed excellent agreement, and the ICCs ranged from 0.837 to 0.945.



Features Extracted From HR-T2WI

Twenty features were selected from all the texture features extracted from HR-T2WI images by LASSO method. Five significant features were obtained by statistical analysis, as shown in Table 2. Shape flatness (P = 0.020), wavelet HHH NGTDM strength (P < 0.001), Log σ = 4.0mm 3D firstorder minimum (P = 0.041), Log σ = 3.0mm 3D GLSZM large area high gray level emphasis (P = 0.018) and Log σ = 5.0mm 3D firstorder interquartile range (P = 0.019) showed the significant difference in the discrimination of preoperative T stage, and achieved AUCs of 0.659, 0.713, 0.640, 0.643 and 0.646, respectively, whereas the other features were not significantly different. The distribution of those features is shown in Figure 3. The results of multivariate logistic regression analysis showed that the wavelet HHH NGTDM strength was an independent predictor of stage T3-4 rectal tumors, and it showed the highest correlation (RS = -0.364, P < 0.001) with the preoperative T stage of rectal cancer among the significant features.


Table 2 | Significant features between stage T1–2 and T3–4 tumors derived from HR-T2WI.






Figure 3 | The distribution of significant features derived from HR-T2WI. The symbol (“*”) represents the extreme outlier.





Features Extracted From ADC Maps

Twenty-three features were selected from all the texture features extracted from ADC maps by LASSO method. Ten significant features were obtained by statistical analysis, as shown in Table 3. Shape sphericity (P = 0.027), shape maximum 2DDiameter Column (P < 0.001), NGTDM Strength (P = 0.018), wavelet HLH first order energy (P = 0.049), wavelet LLL first order range (P = 0.024), Log σ = 2.0 mm 3D NGTDM contrast (P = 0.003), Log σ = 4.0 mm 3D firstorder skewness (P = 0.024), Log σ = 5.0 mm 3D first order maximum (P = 0.009), Log σ = 5.0 mm 3D first order kurtosis (P = 0.011) and Log σ = 5.0 mm 3D first order interquartile range (P = 0.032) showed the significant difference in the discrimination of preoperative T stage, and achieved AUCs of 0.641, 0.752, 0.647, 0.623, 0.614, 0.683, 0.598, 0.659, 0.659 and 0.634, respectively, whereas other features did not present significant difference. The results of multivariate logistic regression analysis showed that the shape maximum two-dimensional (2D) diameter column, Log σ = 5.0 mm 3D first-order maximum and Log σ = 5.0 mm 3D first-order interquartile range were independent predictors of stage T3–4 tumors. The shape maximum 2D diameter column showed the highest correlation with the preoperative T stage (RS = 0.431, P < 0.001). The distribution of significant features from ADC maps is shown in Figure 4.


Table 3 | Significant features between stage T1–2 and T3–4 tumors derived from ADC maps.






Figure 4 | The distribution of significant features derived from ADC maps. The symbol (“*”) represents the extreme outlier.





Performance of Classification Models

The performance of classification models for identifying preoperative rectal cancer T stage was shown in Table 4. In training cohorts, the model from HR-T2WI achieved an AUC of 0.877 [95% confidence interval (CI), 0.791-0.937] with a sensitivity of 86.54%, a specificity of 78.38%, and an accuracy of 79.78%. The model from ADC maps achieved an AUC of 0.902 (95% CI, 0.820-0.955) with a sensitivity of 81.08%, a specificity of 92.31%, and an accuracy of 89.86%. The combination model from HR-T2WI and ADC maps achieved an AUC of 0.941 (95% CI, 0.870-0.980) with a sensitivity of 89.19%, a specificity of 94.23%, and an accuracy of 89.89%. In validation cohorts, the model from HR-T2WI achieved an AUC of 0.845 (95% CI, 0.734-0.923) with a sensitivity of 76.67%, a specificity of 85.71%, and an accuracy of 78.46%. The model from ADC maps achieved an AUC of 0.881 (95% CI, 0.777-0.948) with a sensitivity of 83.33%, a specificity of 88.57%, and an accuracy of 83.08%. The combination model from HR-T2WI and ADC maps achieved an AUC of 0.910 (95% CI, 0.812-0.966) with a sensitivity of 90.00%, a specificity of 88.57%, and an accuracy of 87.69%. The ROC curves of LASSO_SVM models established by features extracted from HR-T2WI and ADC maps are shown in Figure 5.


Table 4 | Performance of classification models for identifying preoperative T stage of rectal cancer.






Figure 5 | ROC curves based on HR-T2WI and ADC maps for predicting preoperative T1-2 and T3-4 stage of rectal cancer. (A) The ROC curves of the training cohorts of T stage, and (B) the ROC curves of the validation cohorts of T stage.






Discussion

In the present study, 3D VOI texture analysis was applied to rectal HR-T2WI and ADC maps, and the correlations between the whole tumor volume features and T stage were investigated. The results showed that texture features played a potential role in predicting the preoperative T stage of rectal carcinomas.

Preoperative staging are essential for treatment choices and prognosis evaluations of patients with rectal cancers. Especially for locally advanced patients, NCRT is required before accepting TME to ensure smooth progress of the operation and a better treatment response (5). In fact, the differential diagnosis of stages T2 and T3 is still difficult due to the perirectal desmoplastic fibrotic response (6). Texture analysis can describe the relationship between the gray level intensity of pixels and quantify the heterogeneity in images (18, 26, 27). And MRI-derived texture parameters have been proposed as tools for accurate diagnosis, preoperative risk stratification, or assessment of treatment response in several cancer types, including tumors in the brain, breast, prostate, and uterus (28–31). As reported in previous studies, high-resolution MRI has higher soft tissue resolution and can help in the diagnosis and stage-oriented treatment decisions (32–36). He et al. (25) suggested that MRI-based radiomic signatures showed acceptable performance for tumor grading of rectal carcinomas. Sun et al. (34) verified the feasibility of using radiomic features from T2WI images to identify the T staging of rectal cancer. Meanwhile, texture analysis of ADC maps was proven to have potential in cancer diagnosis, such as breast carcinoma (37), Cervical Carcinoma (38), Renal Carcinoma (39), gliomas (40). A study from Liu et al. (6) indicated that texture analysis on the features from the single slice of ADC map that showed the largest tumor dimension could provide valuable information in identifying locally advanced rectal cancer. However, few studies have focused on the 3D features extracted from whole volume lesion from HR-T2WI and ADC maps to distinguish the preoperative T stage of rectal cancers. Our study conducted the volume texture analysis based on HR-T2WI or ADC maps.

In this study, a total of 1226 texture features were calculated from preoperative HR-T2WI and ADC maps. These features were selected by LASSO to obtain optimum feature subsets, and statistical analysis was carried out to further reduce feature dimensionality. The classification models were established using the SVM method, which has been proven to have better performance and widely used in previous texture analysis reports (41). In training cohorts, the accuracy of the LASSO_SVM models based on HR-T2WI and ADC maps was 79.78% and 89.86% in predicting T stage of rectal cancers. The corresponding AUC values were 0.877 and 0.902, respectively. In validation cohorts, the accuracy of the LASSO_SVM models based on HR-T2WI and ADC maps was 78.46% and 83.08% in predicting T stage of rectal cancers. The corresponding AUC values were 0.845 and 0.881, respectively. The results demonstrated that pretreatment HR-T2WI and ADC maps had high potential application in identifying the preoperative T stage of rectal cancers, which is consistent with the results of Sun et al. (6, 34, 42). Meanwhile, the performance of the 3D features from ADC maps showed better than that of features from HR-T2WI. In the training cohort, the accuracy of the joint model of HR-T2WI and ADC maps was 89.89% with AUC of 0.941. In the validation cohort, the accuracy of the joint model was 87.69% with AUC of 0.910. It could be concluded that the combination model of HR-T2WI and ADC maps presented better performance than that using each of them alone. Cui et al. (43) established a radiomics predictive model based on pre-treatment multiparameter features from pre-CRT T2-weighted (T2-w), contrast-enhanced T1-weighted (cT1-w) and ADC maps and clinical features to predict a pathological complete response (pCR) in patients with locally advanced rectal cancer. They pointed that 3D features from ADC maps showed better performance than T2-w and cT1-w, and the radiomics signatures from joint T2-w, ADC and cT1-w images achieved better predictive efficacy than those from any of them alone. Their opinion was similar to ours.

There are controversies regarding the use of ADC values in predicting preoperative rectal T stages (6, 16, 44). In the present study, ADC quantification calculated from original images was not statistically significant between different T stages, which is consistent with the results of Liu et al. (6). However, the maximum of ADC value was statistically significant when a Log transform of σ = 5.0 mm was used. It may be because the conventional measurement of the ADC is only a mean value of signal intensity, and the heterogeneous intensity may be weakened due to the mutual influence of signals between various tissues. Compared with routine ADC measurements, texture analysis on ADC maps may therefore better predict local invasion of rectal cancers.

He et al. (25) indicated that not all categories of radiomics features contributed equally in the grading of rectal cancer. The transformed first-order features showed more significance than higher order features, and could diagnose and predict the grading of rectal carcinoma relatively, steadily and accurately (25). This point was similar to that of our study. After the original image was transformed by wavelet and Log, the parameters related to the lesion in the original image may be emphasized. Therefore, the transformed features may have better abilities to identify lesions than the original features, and were retained after screening. Cui et al. (45) develop a T2-weighted image-based radiomics signature for the individual prediction of KRAS mutation status in patients with rectal cancer. Most of the obtained features were from the images filtered by wavelet or log, and many of them appeared to be shape and first order with fewer higher order features. That point was similar to ours.

In addition, interobserver variability in feature calculations between two radiologists was evaluated. The values of ICCs ranging from 0.837 to 0.945, showed excellent agreement. The interobserver variability mainly occurred in delineating the lesion region slice by slice. Thus, it is important to reach a consensus between two radiologists in determining the tumor areas on HR-T2WI and ADC maps.

This study had some limitations. First, texture analysis was usually based on a large number of samples. Therefore, there may be potential biases because of the small sample in this study. Second, stage T2 and T3 accounted for a larger proportion among the enrolled cases, while stage T1 and T4 accounted for a smaller proportion. This study only focused on the differential diagnosis between early stage and local advanced stage, and divided patients into low (stages T1–2) and high (stages T3–4) T stage groups. More cases need to be collected, especially stage T1 and T4 tumors. Finally, whole tumor VOI delineation is a time-consuming operation. Two radiologists who were familiar with the operation of 3D Slicer spent an average of 15 minutes to outline and identify the whole lesion, which played a negative role in the progress and application of texture analysis.

In conclusion, texture features with LASSO_SVM models had good performance in predicting local invasion of rectal cancer. Texture analysis based on ADC maps was more potential than that based on HR-T2WI in identifying preoperative T stage in rectal carcinomas. The combined application of HR-T2WI and ADC maps could be used as an auxiliary diagnostic option for preoperative diagnosis of rectal cancer invasion.
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