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Background: Accurate evaluation of local invasion (T-stage) of rectal cancer is essential for treatment planning. A search of PubMed database indicated that the correlation between texture features from T2-weighted magnetic resonance imaging (T2WI) (MRI) and T-stage has not been explored extensively.

Purpose: To evaluate the performance of texture analysis using sagittal fat-suppression combined with transverse T2WI for determining T-stage of rectal cancer.

Methods: One hundred and seventy-four rectal cancer cases who underwent preoperative MRI were retrospectively selected and divided into high (T3/4) and low (T1/2) T-stage groups. Texture features were, respectively, extracted from sagittal fat-suppression and transverse T2WI images. Univariate and multivariate analyses were conducted to determine T-stage. Discrimination performance was assessed by receiver operating characteristic (ROC) analysis.

Results: For univariate analysis, the best performance in differentiating T1/2 from T3/4 tumors was achieved from transverse T2WI, and the area under the ROC curve (AUC) was 0.740. For multivariate analysis, the logical regression model incorporating the independent predictors achieved an AUC of 0.789.

Conclusions: Texture features from sagittal fat-suppression combined with transverse T2WI presented moderate association with T-stage of rectal cancer. These findings may be valuable in selecting optimum treatment strategy.
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INTRODUCTION

Colorectal cancer is the third leading cause of cancer worldwide, and rectal cancer accounts for 30–35% of colorectal cancer cases. Accurate assessment of rectal cancer features is essential for determining the optimal treatment strategy to reduce the risk of local recurrence and improve patient survival (1, 2). The choice of treatment depends on tumor stage, and rectal tumors are staged according to pathological features, including the extent of tumor invasion (pathological T-stage) (3, 4). Due to the noninvasive advantage in assessing tumor microcirculation, high-resolution magnetic resonance imaging (MRI) is widely applied to stage primary rectal cancer before treatment (5). However, the ability of MRI in discriminating stage T2 from stage T3 tumors is limited because tumor penetration through the rectal muscular wall is similar to the peritumoral inflammatory reaction (6). Tissue edema, fibrosis, and inflammation may decrease the accuracy of MRI after neoadjuvant chemoradiotherapy (NACT) (7).

An emerging quantitative method for imaging informatics, texture analysis (TA), is used to quantitatively describe the spatial distribution of gray values within images, and it can detect image patterns that are unrecognizable or indistinguishable to the human eyes (8). TA extracts high-throughput information to quantify tumor heterogeneity within a defined region of interest (ROI) (9). The most commonly used texture features can be stratified according to the statistical order of the voxel information encoded within the image, including first-order (also known as histogram features), second-order [run-length matrix (GRLM) and gray-level co-occurrence matrix (GLCM) features], and higher-order (structural and transformation-based features) texture features (8). Certain texture features extracted from MRI or computed tomography can be used for tumor diagnosis, preoperative risk stratification, and prediction of survival (10–12). Studies of rectal cancer suggest that texture features are useful for predicting pathological complete response after NACT (13–15).

Accurate evaluation of rectal adenocarcinoma before therapy is essential because treatment strategies need to be personalized following the histopathological results. Texture parameters of primary tumors on T2-weighted MRI (T2WI) are associated with lymph node metastasis (N stage) (16). Lu et al. (4) reported that texture features extracted from apparent diffusion coefficient (ADC) maps may be helpful in predicting rectal cancer T-stage. However, a search of the PubMed database indicated that the correlation between T2WI texture features and the extent of local invasion has not been investigated extensively in rectal cancer. There are no studies reporting the use of texture features derived from sagittal fat-suppression combined with transverse T2WI in T-stage determination of intelligence, which is a common sequence in the evaluation of rectal cancer (17).



MATERIALS AND METHODS


Ethics

Our study was performed in accordance with the ethical standards of the World Medical Association Declaration of Helsinki, and approved by Ethics Committee of Shengjing Hospital of China Medical University (Project Identification Code: 2020PS011K) (date of approval: 7 January 2020).



Patient Cohorts

We reviewed 773 consecutive patients with rectal adenocarcinoma confirmed by endoscopic biopsy or postoperative pathological examination between January 2018 and November 2019 in our hospital. Patients who underwent rectal MRI were enrolled (n = 310). One hundred and thirty-six patients were excluded because of (1) NACT before MRI examination; (2) poor image quality caused by apparent motion artifacts; or (3) pathologically proven mucinous adenocarcinoma. Finally, 174 eligible patients were included in the study. Clinical data including sex, age, maximum tumor diameter, tumor location, degree of tumor differentiation, and N stage were collected. Patients were divided into high (T3/4) and low (T1/2) T-stage groups according to the pathological results. The flowchart of this study is shown in Figure 1.


[image: Figure 1]
FIGURE 1. Flowchart of the method used for T-stage classification.




MR Image Acquisition

All MRI examinations were conducted using a 3.0 T machine (Ingenia 3.0, Philips Medical System, Best, The Netherlands). A surface coil of eight-channel phased-array was applied to patients in the supine position during imaging. Both bowel preparation and intravenous antispasmodic agents were not executed. High-resolution rectal MRI protocols included sagittal fat-suppression and transverse T2WI as well as diffusion-weighted imaging (DWI). Acquisition parameters for transverse T2WI were showed below: repetition time (TR)/echo time (TE), 2200/65 ms; flip angle, 90°; matrix size, 288 × 288; field of view (FOV), 250 × 250 mm2; slices, 20; slice thickness, 5 mm; spacing between slices, 0.5 mm; NSA, 2. Parameters for sagittal fat-suppression T2WI were: TR/TE, 2200/90 ms; flip angle, 90°; fat suppression, SPAIR; matrix size, 300 × 300; FOV, 250 × 250 mm2; slices, 40; slice thickness, 3 mm; spacing between slices, 0.3 mm; NSA, 3.



Image Segmentation

Two radiologists who had 10 years of experience in interpreting pelvic MRI conducted the lesion segmentation independently, who were blinded to the pathological results during the image reading. They imported the images into a processing software (ImageJ; National Institutes of Health, Bethesda, MD, USA), and determined lesions as local mass or abnormal wall thickening that presented intermediate signal intensity on T2WI, hypointensity on the ADC map, and hyperintensity on DWI. ROIs were manually drawn along the border of the lesion on the sagittal fat-suppression and transverse T2WI slice showing the maximum lesion diameter with reference to DWI and ADC maps. Apparent regions of necrosis, luminal contents, or gas were avoided to minimize bias.



Texture Analysis

TA was performed on ROIs from sagittal fat-suppression and transverse T2W images using in-house software programmed with MATLAB 2018a (Mathworks, Natick, MA, USA). Twelve texture features were calculated from each type of image including: (1) histogram parameters; (2) GLCM parameters; (3) GRLM parameters; and (4) discrete wavelet transformation (DWT) parameters. A total of 24 features were derived for each case. Table 1 provides the specific information about those texture features.


Table 1. Detailed information on texture features used in this study.
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Statistical Analysis

Categorical variables (sex, N stage, degree of tumor differentiation, and tumor location) were compared between T1/2 and T3/4 groups utilizing the chi-square or Fisher's exact test. Quantitative data (maximum tumor diameter, age, and texture parameters) were first tested by Kolmogorov-Smirnov test to determine if samples presented a normal distribution. If the distribution was not normal (P < 0.05), Mann-Whitney U test was used to compare parameters between T1/2 and T3/4 stages. Otherwise, independent-sample t-test was used. Independent factors predicting T3/4 tumors after collinearity diagnosis were analyzed by multivariate logistic regression. A variance inflation factor (VIF) > 10 indicated the existence of collinearity. In order to evaluate the correlation between features and T-stages, Spearman correlation analysis was executed.

Univariate and multivariate analyses were performed to determine T-stage. Receiver operating characteristic (ROC) theory was applied to assess the discrimination performance by measuring the area under the ROC curve (AUC), which was achieved by a professional statistics software MedCalc (version 14.10.20, http://www.medcalc.org/). The optimal threshold was determined by the maximum Youden index, and the specificity and sensitivity were automatically provided. The statistical significance of differences among AUCs was investigated using Delong method (18).

In this study, we also investigated the intraobserver variability of features extracted by two radiologists using intraclass correlation coefficients (ICCs, 0.81–1, excellent agreement; 0.61–0.8, good agreement; 0.41–0.6, moderate agreement; and 0–0.4, poor agreement).

All statistical analyses were conducted using SPSS 22.0 (IBM Corporation, Armonk, NY, USA), and P < 0.05 was regard as a statistically significant difference.




RESULTS


Patient Characteristics

The clinical and pathological characteristics of T1/2 and T3/4 cases are listed in Table 2. There were no significant differences between the two groups in sex (P = 0.567), age (P = 0.537), tumor location (P = 0.078), maximum tumor diameter (P = 0.673), degree of tumor differentiation (P = 0.210), and N stage (P = 0.632). A case randomly selected was used to illustrate the segmentation of lesion ROI (Figure 2).


Table 2. Clinical and pathological characteristics of patients for identifying the T-stage of rectal cancer.
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FIGURE 2. ROI segmentation in a randomly selected case based on sagittal fat-suppression and transverse T2WI. (a) Lesion ROI delineated on the sagittal fat-suppression T2WI. (b) Lesion ROI delineated on the routine transverse T2WI. (c) Pathological result.




Univariate Analysis

The statistical results of texture features extracted from T1/2 and T3/4 tumors are shown in Table 3. The texture parameters measured from the two sets of ROIs independently delineated by two radiologists using sagittal fat-suppression and transverse T2W images showed excellent agreement (ICCs, 0.832–0.927). DISS, ENTR, GLN, and LGLRE extracted from sagittal fat-suppression and transverse T2WI were significantly higher for T3/4 than for T1/2 tumors. T3/4 tumors had significantly lower Harr-V extracted from sagittal fat-suppression T2WI than T1/2 tumors.


Table 3. Comparison of extracted texture features for T1/2 and T3/4 tumors.
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The diagnostic performance of each significantly different feature is shown in Table 4. At cutoff values of 0.029 for DISS, 0.149 for ENTR, 7.202 for GLN, 0.549 for LGLRE, and 0.187 for Harr-V, sagittal fat-suppression T2WI achieved an AUC of 0.728 [95% confidence interval (CI), 0.637–0.807], 0.720 (95% CI, 0.629–0.800), 0.717 (95% CI, 0.625–0.797), 0.715 (95% CI, 0.623–0.795), and 0.650 (95% CI, 0.566–0.737), respectively. Sensitivities and specificities were 83.33 and 61.29% for DISS, 75.0 and 70.97% for ENTR, 80.95 and 64.52% for GLN, 80.95 and 64.52% for LGLRE, and 61.90 and 67.74% for Harr-V. In the pairwise comparison of AUCs, all P values were > 0.05. The corresponding ROC curves are shown in Figure 3.


Table 4. Diagnostic performance of significantly different texture features for differentiating T1/2 from T3/4 stage rectal cancer.
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FIGURE 3. ROC curves of statistically significant texture features extracted from sagittal fat-suppression T2WI for predicting T-stage.


With cutoff values of 0.031 for DISS, 0.116 for ENTR, 6.121 for GLN, and 0.546 for LGLRE, transverse T2WI achieved AUCs of 0.730 (95% CI, 0.640–0.809), 0.740 (95% CI, 0.650–0.818), 0.720 (95% CI, 0.629–0.800), and 0.696 (95% CI, 0.604–0.779), respectively. Sensitivities and specificities were 73.81 and 64.52% for DISS, 71.43 and 70.97% for ENTR, 67.86 and 67.74% for GLN, and 77.38 and 58.06% for LGLRS, respectively. There was still no significant difference between each two discrimination performances. The corresponding ROC curves are shown in Figure 4.


[image: Figure 4]
FIGURE 4. ROC curves of statistically significant texture features extracted from transverse T2WI for predicting T-stage.




Multivariate Analysis

The results of multivariate analysis are shown in Table 5. Because there was a strong collinearity (VIF = 18.555) between GLN from sagittal fat-suppression T2WI and other features, GLN was excluded to reduce the effect of collinearity. The cutoff values from the ROC curve analysis were used to convert the texture features into categorical variables for inclusion in the logistic model. Eight variables were applied to the final logistic model: DISS (< 0.029 or > 0.029), ENTR (< 0.149 or > 0.149), LGLRE (< 0.549 or > 0.549), Harr-V (< 0.187 or > 0.187) from sagittal fat-suppression T2WI, and DISS (< 0.031 or > 0.031), ENTR (< 0.116 or > 0.116), GLN (< 6.121 or > 6.121), and LGLRE (< 0.546 or > 0.546) from transverse T2WI. The logistic regression analysis demonstrated that higher DISS from sagittal fat-suppression T2WI and higher DISS and ENTR from transverse T2WI were independent predictors of local invasion. The logistic regression model incorporating the three independent predictors to differentiate T1/2 from T3/4 tumors achieved an AUC of 0.789 (95% CI, 0.703–0.859), with sensitivity of 88.10% and specificity of 61.29%. The corresponding ROC curve is shown in Figure 5.


Table 5. Results of multivariate logistic regression analysis.
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FIGURE 5. ROC curve of a model for predicting T-stage based on multivariate logistic regression analysis.





DISCUSSION

The prognosis of patients with rectal cancer depends on many factors, including the depth that tumor lesion extends beyond or into muscularis propria, the involved lymph node number, invasion of the circumferential resection margin, tumor differentiation grade, and peritumor lymphangiovascular or neural invasion. This study investigated the correlation between the extent of local invasion in rectal cancer and texture features using preoperative sagittal fat-suppression and transverse T2WI data. The results demonstrated that texture features extracted from T2WI are potentially valuable imaging biomarkers in predicting the pathological T-stage of rectal cancer.

Extramural invasion is a key determinant for treatment decisions and an indication for NACT in patients with rectal cancer (19). Despite improvements in preoperative T staging through morphological analysis of high-resolution MRI, the accuracy of MRI remains unsatisfactory (20–22). More advanced and reliable techniques for detecting local invasion are necessary to determine the optimal treatment in patients with rectal cancer. TA can be used to quantitatively characterize the intratumoral heterogeneity by calculating the distribution of spatial arrangement of pixels (e.g., GLCM parameters) and gray-level values (histogram parameters) within a given ROI (23). The heterogeneity of a tumor arises from variations in extravascular extracellular matrix, angiogenesis, and cellularity as well as areas of hemorrhage and necrosis within the tumor (24). Increased tissue heterogeneity may lead to greater MRI heterogeneity in high-stage rectal tumors than in low-stage tumors. Yang et al. (16) reported that patients without regional lymph node metastasis had significantly higher energy, kurtosis, and skewness, and lower entropy on T2WI than those with lymph node metastasis. Jalil et al. (25) reported that texture features extracted from T2WI of rectal cancers were biomarkers of tumor response to NACT and long-term survival. Liu et al. (23) showed that high skewness and entropy values extracted from ADC maps were independent predictors of extramural invasion in rectal tumors. However, the correlation between texture features derived from sagittal fat-suppression combined with transverse T2WI and local invasion of rectal cancer remains unclear.

In this study, DISS, ENTR, GLN, and LGLRE extracted from both sagittal fat-suppression and transverse T2WI differed significantly between T1/2 and T3/4 tumors. These features showed significantly higher values in patients with stage T3/4 tumors than in those with T1/2 tumors. Furthermore, T3/4 tumors had a significantly lower Harr-V derived from sagittal fat-suppression T2WI than T1/2 tumors. Advanced rectal tumors are large, deeply infiltrated, and have high degrees of angiogenesis, necrosis, extracellular matrix, hemorrhage, and cellularity, which may lead to highly heterogeneous patterns on imaging modalities. Furthermore, rectal tumor invasion results in large areas of involvement, with additional necrotic or cystic areas or other abnormal tissues within lesions, which can lead to even more heterogeneity. Higher DISS values reflect greater local contrast. ENTR indicates the randomness of the intensity level distribution. A high GLN value represents differences in gray levels. High LGLRE reflects a high degree of disorder of the low gray-level distribution. Increases in these indicators represent the increased complexity of the texture in the lesion ROI, as well as increased tumor heterogeneity. These concepts are important for interpreting the present findings showing that high T-stage rectal tumors are more heterogeneous on T2WI than low T-stage tumors.

Multivariate analysis was applied to further investigate the correlation between the T-stage of rectal cancer and texture parameters. High DISS on sagittal fat-suppression T2WI and high DISS and ENTR on transverse T2WI were independent predictors of T-stage, with odds ratios of 7.937 for sagittal fat-suppression DISS, and 8.261 and 9.884 for DISS and ENTR on transverse T2WI, respectively. The AUC of the logistic regression model incorporating the three independent predictors was higher than that of significant texture features alone for differentiating rectal cancer T-stage.

The intraobserver variability for texture features extracted from both sagittal fat-suppression and transverse T2WI was evaluated. The results indicated excellent agreement between two radiologists with the respect to the measurement of texture features by a single-slice method, with ICCs ranging from 0.832 to 0.927. In fact, intraobserver variability was highly associated with the ROI delineation and slice selection, as texture feature calculation was conducted within the ROI from a single slice using in-house software with MATLAB 2018a. That means the approaches used for ROI definition are very important.

This study had several limitations. First, this was a retrospective study, which may lead to the selection bias. Second, the small sample size may limit the generalizability of the findings. Third, TA was applied to a single-slice MR image with the maximum tumor diameter rather than the whole tumor (26). Unlike most solid tumors, rectal tumors usually grow along the rectal wall and present an irregular shape; therefore, delineating the ROI using a single-slice method may not accurately represent the actual volume of the tumor. Fourth, DWI sequence was not used for TA. Probably, TA of DWI sequence could be more appropriate for the study aim since DWI reflects tumor biology; thus, TA of DWI images should be integrated in our further study. Fifth, the fact that all these patients came from the single center might limit the reproducibility of the results. The results should be further investigated by using data acquired using different scanners and imaging protocols. Hence, a future randomized multi-center prospective trial should be conducted. Finally, T3a- and T2-stage rectal cancers might have similar locoregional recurrence. T3-stage subgroups were not evaluated in this study and should be investigated in future studies.



CONCLUSIONS

Texture features derived from preoperative T2WI were moderately associated with rectal cancer T-stage. In particular, high DISS on sagittal fat-suppression T2WI and high DISS and ENTR on transverse T2WI were independent predictors of high T-stage. These features could be helpful for assessing the T-stage of rectal cancer and thus for making treatment decisions.
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