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Abstract
BACKGROUND
Perineural invasion (PNI), as a key pathological feature of tumor spread, has emerged as an independent prognostic factor in patients with rectal cancer (RC). The preoperative stratification of RC patients according to PNI status is beneficial for individualized treatment and improved prognosis. However, the preoperative evaluation of PNI status is still challenging. 

AIM
To establish a radiomics model for evaluating PNI status preoperatively in RC patients.

METHODS
This retrospective study enrolled 303 RC patients in a single institution from March 2018 to October 2019. These patients were classified as the training cohort (n = 242) and validation cohort (n = 61) at a ratio of 8:2. A large number of intra- and peritumoral radiomics features were extracted from portal venous phase images of computed tomography (CT). After deleting redundant features, we tested different feature selection (n = 6) and machine-learning (n = 14) methods to form 84 classifiers. The best performing classifier was then selected to establish Rad-score. Finally, the clinicoradiological model (combined model) was developed by combining Rad-score with clinical factors. These models for predicting PNI were compared using receiver operating characteristic curve (ROC) analysis and area under the ROC curve (AUC).

RESULTS
One hundred and forty-four of the 303 patients were eventually found to be PNI-positive. Clinical factors including CT-reported T stage (cT), N stage (cN), and carcinoembryonic antigen (CEA) level were independent risk factors for predicting PNI preoperatively. We established Rad-score by logistic regression analysis after selecting features with the L1-based method. The combined model was developed by combining Rad-score with cT, cN, and CEA. The combined model showed good performance to predict PNI status, with an AUC of 0.828 [95% confidence interval (CI): 0.774-0.873] in the training cohort and 0.801 (95%CI: 0.679-0.892) in the validation cohort. For comparison of the models, the combined model achieved a higher AUC than the clinical model (cT + cN + CEA) achieved (P < 0.001 in the training cohort, and P = 0.045 in the validation cohort).

CONCLUSION
The combined model incorporating Rad-score and clinical factors can provide an individualized evaluation of PNI status and help clinicians guide individualized treatment of RC patients.
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Core Tip: In this study, a radiomics model integrating Rad-score and clinical factors was developed and validated for predicting perineural invasion status in patients with rectal cancer. Radiomics features were extracted from intra- and peritumoral regions. This radiomics model showed good performance and outperformed the clinical factors. Therefore, the combined model might assist in predicting perineural invasion status and improving prognosis of patients with rectal cancer.

INTRODUCTION
Rectal cancer (RC) is one of the most common cancers of the digestive tract worldwide, with a growing morbidity[1]. In the last decade, the combination of neoadjuvant chemoradiotherapy (nCRT) and surgery has improved local control of locally advanced RC, but it does not significantly affect prognosis[2]. Different biological characteristics of RC may cause different treatment responses, risks of distant metastasis, and outcomes[3].
Recently, there is an increasing interest in perineural invasion (PNI) as a potential route of tumor spread, in addition to the well-known routes of direct extension, lymphatic metastasis, and hematogenous metastasis[4]. PNI refers to the biological process characterized by cancer cells invading the nerves and spreading along the nerve sheaths[5,6]. This process can be found in the main tumor and peritumoral area[7,8]. Previous studies have demonstrated the prognostic value of PNI in RC in terms of both recurrence and survival[9-11]. Other studies have shown that PNI can be an indicator for identifying patients who can benefit from nCRT and postoperative adjuvant chemotherapy[12,13]. Therefore, understanding PNI status in advance is helpful for clinicians to make individualized treatment plans for RC patients.
However, PNI status can only be confirmed by assessing the pathology of surgical specimens. In other words, neither biopsy nor imaging examinations [computed tomography (CT)/magnetic resonance imaging (MRI)] can accurately determine PNI status of RC[6]. Recent advances in radiomics have enabled researchers to extract numerous quantitative features from medical images and provide a comprehensive overview of heterogeneity in tumors[14]. Latterly, radiomics analysis has been used to predict PNI status in colorectal cancer[14,15]. Considering the higher incidence of PNI in RC (compared with colon cancer)[16], several researchers evaluated the performance of MRI-based radiomics for PNI prediction in RC[6,17,18]. However, the sample sizes in the previous studies were really small (PNI+: 26-32). At present, there is still a lack of CT-based radiomics research in this field. Therefore, we aimed to evaluate the predictive value of CT-based radiomics for PNI prediction in a bigger cohort of RC patients.

MATERIALS AND METHODS
Patients 
The local ethics committee approved this study (document number: 1159), and the requirement of informed consent was waived because of the retrospective nature of this study.
The RC patients were reviewed by browsing the radiological and pathological databases from March 2018 to October 2019. A total of 303 patients (170 men and 133 women, mean age 58.9 ± 11.7 years, age range 23-86 years) were enrolled, according to the following inclusion criteria: (1) Adults with histologically confirmed rectal adenocarcinoma; (2) Clinical materials such as enhanced CT images and tumor markers were complete; and (3) No prior therapy before CT examination. The exclusion criteria were as follows: (1) Quality of CT images was poor; (2) Patients treated without surgery; and (3) Patients with other malignant tumors besides RC. The patient recruitment pathway is shown in Figure 1. The workflow of the radiomics analysis is shown in Figure 2.
The clinical and pathological data of each patient were derived from medical records. The baseline data including age, sex, tumor volume, location, tumor markers [carcinoembryonic antigen (CEA), carbohydrate antigen (CA) 19-9, and CA125], pathological TNM stage, and histological grade are shown in Table 1. 

Reference standard for pathology
All patients with RC were diagnosed by pathology based on resected specimens. The pathological confirmatory reports were acquired from electronic medical records. PNI status was defined as positive, if (1) At least 33% of the nerve circumference was surrounded by cancer cells (without invasion of nerve sheath); or (2) Cancer cells were within any layer of the nerve sheath[6,19].

CT examination and evaluation
In our hospital, the chest-abdomen-pelvis enhanced CT is used to detect both primary and metastatic lesions for patients with clinically suspected RC. The CT scanners were restricted to Somatom Definition AS+ and Somatom Definition Flash in this study. The parameters of CT examinations are shown in the Supplementary material. 
Two experienced radiologists (10 years’ and 5 years’ experience in abdominal imaging) were assigned to review CT images. The identification of patients was removed from CT images, and the readers were blinded to all clinical and pathological information. The CT-reported T stage (cT) and N stage (cN) were determined by summarizing the results of the two readers (Table 1). The inter-observer variability of cT/cN was evaluated by a weighted kappa statistics test. Because CT is limited to distinguish T1 from T2 in RC, lesions of cT1 were classified as cT2 in this study. When reviewing the CT images, the radiologists solved disagreements by discussion. 

Feature extraction and model building
The stability of radiomics features was tested on 20 patients. One radiologist drew volumes of interest (VOIs) twice for evaluating intra-class correlation coefficient (intra-ICC), and the other drew VOIs once for evaluating inter- ICC (inter-ICC). The features with ICC < 0.75 were deleted according to the commonly admitted knowledge: ICC < 0.5, poor reliability; 0.5-0.75, moderate reliability; ICC > 0.75, good reliability[20]. The main tumor and peritumoral area were separately drawn slice by slice to obtain intra- and peritumoral features (Figure 2). 
The CT images were resampled to a pixel spacing of 1.0 mm in three anatomical directions. Then high- and low-pass wavelet filters, Laplacian-of-Gaussian filters, and other transformation methods such as square, square root, logarithm, exponential, gradient, lbp2d, and lbp3 were used to pre-process the original images. Radiomics features were extracted by using PyRadiomics[21]. A total of 4214 features (three types: First-order statistics, shape features, and texture features) were extracted from intra- and peritumoral regions. Z-score was used to normalize the features for eliminating the differences in the value scales. Redundant features were randomly removed by correlation analysis with a threshold of 0.48. Then the features were selected using six different methods (analysis of variance, Pearson, mutual information, L1-based, tree-based, and recursive). Subsequently, 14 different machine-learning methods were used to build 84 classifiers. The optimal parameters were adjusted to improve the area under the receiver operating characteristic (ROC) curve (AUC) of the test set and output the best classifier (Rad-score). 
Statistically significant risk variables (Rad-score and clinical factors) from the univariate logistic regression analysis were then entered into a multivariate analysis for developing the clinical and combined models. A nomogram was generated for the combined model visualization, graphical evaluation of variable importance, and the calculation of predictive accuracy. ROC curve analyses were performed to assess the diagnostic performance of the models. 

Statistical analysis 
All statistical analyses were performed using R software (version 3.6.1), SPSS (version 21), Stata (version 15.0), and Medcalc (version 15.2.2). Differences of the factors in Table 1 were assessed by chi-square test or Fisher’s exact test, Mann-Whitney test, and t-test. AUCs of the models were compared by DeLong’s test. 

RESULTS
Patient characteristics
A total of 303 RC patients (144 PNI+ and 159 PNI-) were enrolled in this study. Clinical factors such as cT/cN stage, CEA (+/-), pathological T/N stage, and grade had significant differences between PNI+ and PNI- groups (Table 1). The weighted kappa coefficients of cT and cN between two readers were 0.709 [95% confidence interval (CI): 0.630-0.789] and 0.849 (95%CI: 0.801-0.897), which showed substantial consistency for cT and almost perfect consistency for cN (0.41-0.60, moderate, 0.61-0.80, substantial and 0.81-1.00, almost perfect)[22]. There were no significant differences in sex, age, volume, location, CA19-9, and CA125 between PNI+ and PNI- groups (Table 1). The patients were randomly divided into the training cohort (n = 242) and the validation cohort (n = 61). Except for location (P = 0.045), there were no significant differences in other factors between the training and validation groups (Table 1). 

Feature selection and model building
A total of 3095 features (1490 intratumoral and 1605 peritumoral) had good reliability with ICC > 0.75. After deleting redundant features, we selected only seven intratumoral and 13 peritumoral features using the L1-based method. Rad-score was established by logistic regression, as shown in Supplementary material. Rad-score was an independent risk factor for predicting PNI [odds ratio (OR) = 3.148, P < 0.001]. As for clinical factors, CEA, cT, and cN were independent risk factors for predicting PNI preoperatively (OR = 2.528, 1.636, and 1.458; P = 0.003, 0.087, and 0.001, respectively), as shown in Table 2. The factor location had a significant difference in the univariate logistic regression analysis; however, it was excluded by multivariate analysis (Table 2). Thus, the combined model (Rad-score + CEA + cT + cN) was built by multivariate logistic regression analysis. The formula of the combined model is shown in Supplementary material. 
A nomogram was generated for the visualization of the combined model (Figure 3). Higher total score obtained from the nomogram is associated with greater predicted risk of PNI. The combined model had good fit according to the Hosmer-Lemeshow test (P = 0.122). In the calibration curve of the nomogram (Figure 4), the y axis represents the actual observed probability of PNI, and the x axis represents the predicted probability of PNI. A locally weighted regression line (solid line) of calibration plots is used to demonstrate the general trend of predicted risk. The model had a good agreement between the predicted and observed probability, because the solid line was close to the reference line (dotted line) in this study. This conclusion was consistent with the result of the Hosmer-Lemeshow test. However, among patients with predicted probability > 83%, the model overestimated actual risk of PNI+ (about 15% at most). The decision curve was performed to assess the clinical usefulness of the combined model in predicting PNI. The net benefit is measured on the y axis. Figure 4 shows that the combined model (nomogram) obtained more benefit than “treat all”, “treat none”, Rad-score, and the clinical model, when the threshold probability was found to be in the range of 10% to 83%.

Classification results
In the case of the clinical model (cT + cN + CEA), the resulting AUCs were 0.718 (95%CI: 0.657-0.774) in the training cohort and 0.674 (95%CI: 0.542-0.789) in the validation cohort. Improved performance was achieved by adding Rad-score to the clinical factors. The AUCs of the combined model (0.828; 95%CI: 0.774-0.873 in the training cohort and 0.801; 95%CI: 0.679-0.892 in the validation cohort) were higher than those of the clinical model (P < 0.001 and P = 0.045, respectively), as shown in Table 3 and Figure 5. The combined model had a higher AUC than Rad-score (AUC = 0.828 vs 0.760, P = 0.020) in the training cohort. However, there was no significant difference between the combined model and Rad-score in the validation cohort (AUC = 0.801 vs 0.782, P = 0.640). 

Subgroup analysis
In the cohort of patients treated with nCRT, the AUC of the combined model was higher than that of the clinical model (AUC = 0.853 vs 0.710, P = 0.011) (Table 4). Among stage III patients, the combined model still had a higher AUC than the clinical model (AUC = 0.796 vs 0.630, P < 0.001). As for the performance among stage II patients, the combined model failed to outperform the clinical model (AUC = 0.670 vs 0.553, P = 0.098). Considering the difference between the upper third RC and middle-lower RC in prognosis[23], we performed a subgroup analysis showing that the AUC of the combined model in upper RC group (0.817; 95%CI: 0.730-0.885) was similar with that of the middle-lower RC group (0.824; 95%CI: 0.764-0.875).

DISCUSSION
In this study, a combined model showing potential for predicting PNI of RC outperformed the clinical model (AUC = 0.828 vs 0.718, P < 0.001 in the training cohort; 0.801 vs 0.674, P = 0.045 in the validation cohort), indicating that adding Rad-score to the clinical factors improved the predictive value. However, model calibration was not perfect due to the modest overestimation of PNI risk for high-risk patients.
It has been shown in recent studies that PNI is not only the simple diffusion of cancer cells along connective tissues covering the nerve sheath, but also the interaction of a variety of neurotrophic factors and chemokines between cancer cells and the surrounding microenvironment[5,6]. This process may induce cancer invasion, local recurrence, and metastasis, resulting in poor prognosis. Accurate prediction of PNI helps to evaluate prognosis of RC patients. Currently, the sole approach to determine PNI status is the pathological examination of surgical specimens. Preoperative prediction of PNI helps the formulation of individualized treatment[16,24]. For example, PNI+ patients should accept more aggressive treatment; for instance, nCRT. 
In contrast to CT and MRI, radiomics may achieve desirable outcomes for predicting PNI by extracting high-throughput features that can quantify differences between tissues invisible to the naked eyes. Different MRI-based radiomics models have been reported in RC[6,17,18]. However, the sample sizes in the previous studies were small (PNI+: 26-32). In our study, a total of 144 PNI+ patients were enrolled, which increased the reliability of the conclusion. 
As for the methodology of radiomics, the machine-learning methods used in our study and previous studies were similar. However, the previous studies only included the intratumoral region, ignoring the peritumoral region in which PNI can also appear[7]. There is evidence that radiomics features of peritumoral regions can offer information about biological characteristics of other tumors, such as gastric[25], breast[26], and lung[27] cancer. Different from the previous studies[6,17,18], we built the model by using both peri- and intratumoral regions, and the model had comparable AUCs with the previous MRI-based models[6,18]. The specificities of our model were 88.19% in the training cohort and 93.75% in the validation cohort, as shown in Table 3, indicating low false-positive rate (misdiagnosis rate) for detecting PNI. However, the sensitivities were low (66.09% in the training cohort and 62.07% in the validation cohort).
In terms of clinical factors, cT and cN included in our model revealed a higher risk of PNI in patients with more advanced RC, which was consistent with the conclusion of a meta-analysis[28]. As for Rad-score, it was more important than clinical factors in the prediction of PNI, due to its longer axis in the nomogram. For example, a PNI+ lesion in Figure 2 was incorrectly identified as PNI- by the clinical model (CEA = negative, cT = T3, cN = N1a) and correctly determined after adding Rad-score (0.805) to the clinical model with a total score of 12 points in the nomogram, showing a probability of 73% to be PNI+.
Referring to the 62 patients receiving nCRT, we found that AUC of the combined model was improved (0.853; 95%CI: 0.740-0.930), suggesting that this model was also suitable for patients treated with nCRT. With the consideration of individualized evaluation of RC patients with different stages, the combined model obtained a higher AUC than the clinical model for stage III patients (AUC = 0.796 vs 0.630, P < 0.001). However, the combined model failed to outperform the clinical model among stage II patients (AUC = 0.670 vs 0.553, P = 0.098), which might be caused by the small sample size of stage II patients. As for the subgroup analysis of location, the combined model had similar predictive values in upper RC group (AUC = 0.817) and in middle-lower RC group (AUC = 0.824), indicating good applicability of the model for both upper and middle-lower RC patients.
There were several limitations to this study. Firstly, bias may have existed due to the retrospective design of this study. Secondly, PNI- patients from January 2019 to October 2019 were not included, because the current PNI- patients were sufficient to complete this radiomics analysis. Thirdly, all patients were enrolled from a single institution. In the future, it is necessary to conduct a multicenter validation to extend the versatility of the radiomics model.

CONCLUSION
A combined model incorporating a radiomics signature and clinical factors was described in this study. This model can provide assistance in the individualized prediction of PNI status in patients with RC.

ARTICLE HIGHLIGHTS
Research background
Perineural invasion (PNI) has emerged as an independent prognostic factor in patients with rectal cancer (RC). The preoperative prediction of PNI status is beneficial for individualized treatment and improved prognosis. 

Research motivation
Nowadays, preoperative assessment of PNI status is still challenging. 

Research objectives
To build a radiomics prediction model for evaluating PNI status preoperatively in RC patients.

Research methods
We enrolled 303 RC patients in a single institution from March 2018 to October 2019. These patients were classified as the training cohort (n = 242) and validation cohort (n = 61). A large number of intra- and peritumoral radiomics features were extracted to build the Rad-score and combined model.

Research results
Our study enrolled more patients (144 PNI+ and 159 PNI-) than previous studies[6,17,18]. Rad-score was built by logistic regression analysis. The combined model was developed by combining Rad-score with computed tomography (CT)-reported T stage and N stage, and carcinoembryonic antigen. The combined model showed good performance to predict PNI status, with an area under the receiver operating characteristic curve of 0.828 [95% confidence interval (CI): 0.774-0.873] in the training cohort and 0.801 (95%CI: 0.679-0.892) in the validation cohort.

Research conclusions
The combined model incorporating Rad-score and clinical factors helps to provide an individualized PNI status evaluation.

Research perspectives
Other biological characteristics besides PNI are also related to the prognosis of RC patients; for instance, intramural lymphovascular invasion (LVI). Intramural LVI cannot be determined by magnetic resonance imaging and CT. Therefore, using radiomics or deep learning to predict intramural LVI of RC is valuable in the future.
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Figure Legends
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Figure 1 Flowchart of patients’ recruitment pathway. CT: Computed tomography; PNI: Perineural invasion.
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Figure 2 Radiomics workflow. GLCM: Gray level co-occurrence matrix; GLSZM: Gray level size zone matrix; GLRLM: Gray level run length matrix; GLDM: Gray level dependence matrix; NGTDM: Neighbouring gray tone difference matrix; ANOVA: Analysis of variance; ROC: Receiver operating characteristic curve.
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Figure 3 The nomogram was developed in the training cohort. Sum the points of variables in the “score” axis to get the total points. The risk of perineural invasion is the corresponding value on the “probability” axis. CEA: Carcinoembryonic antigen; cT: Computed tomography-reported T stage; cN: Computed tomography-reported N stage.
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Figure 4 The fit and usefulness evaluation of the nomogram. A: The calibration curve of the nomogram shows a good agreement between the predicted and observed risks in the training cohort; B: The decision curve demonstrates that the nomogram (combined model) obtains more benefit than “treat all”, “treat none”, Rad-score, and the clinical model, when the threshold probability is in the range of 10% to 83%. AUC: Area under the receiver operating characteristic curve.
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Figure 5 The comparisons of receiver operating characteristic curves in this study. A: In the training cohort: Area under the receiver operating characteristic curve (AUC) = 0.828 for the combined model, 0.718 for the clinical model, and 0.760 for Rad-score; B: In the validation cohort: AUC = 0.801 for the combined model, 0.674 for the clinical model, and 0.782 for Rad-score. 

	Table 1 Baseline characteristics of the study population

	Characteristics
	PNI+ (n = 144)
	PNI- (n = 159)
	P value
	The training set (n = 242)
	The validation set (n = 61)
	P value

	Age (mean ± SD, yr)
	58.9 ± 11.8
	58.9 ± 11.7
	0.952
	58.4 ± 11.9
	60.8 ± 10.2
	0.162

	Sex (male/female)
	77/67
	93/66
	0.379
	140/102
	30/31
	0.223

	Volume (cm3) 
	19.7
	20.8
	0.132
	20.1
	20.8
	0.847

	Location1
	
	
	0.075
	
	
	0.045

	Middle-low
	101
	96
	
	164
	33
	

	High
	43
	63
	
	78
	28
	

	cT stage (T1-2/T3/T4)
	25/98/21
	57/90/12
	< 0.001
	61/156/25
	21/32/8
	0.222

	cN stage (N0/N1/N2)
	31/52/61
	75/59/25
	< 0.001
	89/84/69
	17/27/17
	0.313

	Neoadjuvant therapy (+/-)
	25/119
	37/122
	0.203
	51/191
	11/50
	0.599

	CEA (+/-) (positive ≥ 5 ng/mL)
	77/67
	56/103
	0.001
	107/135
	26/35
	0.823

	CA19-9 (+/-) (positive ≥ 30 U/mL)
	43/101
	35/124
	0.119
	64/178
	14/47
	0.577

	CA125 (+/-) (positive ≥ 24 U/mL)
	20/124
	15/144
	0.226
	20/222
	3/58
	0.378

	pT stage (T1/T2/T3/T4)
	0/15/117/12
	8/44/95/12
	< 0.001
	6/48/171/17
	2/11/41/7
	0.584

	pN stage (0/N1/N2)
	29/74/41
	81/56/22
	< 0.001
	88/101/53
	22/29/10
	0.579

	Stage (Ⅰ/Ⅱ/Ⅲ)
	10/28/115
	38/43/78
	< 0.001
	40/48/154
	8/14/39
	0.731

	Histologic grade (G1/G2/G3)
	1/105/38
	2/133/24
	0.014
	2/189/51
	1/49/11
	0.523

	Rad-score
	0.60 ± 0.19
	0.40 ± 0.20
	< 0.001
	0.50±0.21
	0.49 ± 0.23
	0.805

	1Location: Low (0-5 cm from the anal verge), middle (5.1-10 cm from the anal verge), and high (10.1-15 cm from the anal verge). This table summarized the results of cT-stage and cN-stage for the two readers. CT: Computed tomography; PNI: Perineural invasion; CEA: Carcinoembryonic antigen; CA19-9: Carbohydrate antigen 19-9; CA125: Carbohydrate antigen 125; cT stage: Computed tomography-reported T stage; cN stage: Computed tomography-reported N stage; pT stage: Pathological T stage; pN stage: Pathological N stage.




	Table 2 Risk factors selected by logistic regression analysis 

	Variables
	Univariate
	Multivariate

	
	OR
	P value
	OR 
	P value

	Age
	1.001
	0.961
	-
	-

	Sex
	0.787
	0.358
	-
	-

	Volume
	1.000
	1.000
	-
	-

	Location
	1.779
	0.050
	1.470
	0.265

	cT stage
	2.328
	< 0.001
	1.636
	0.087

	cN stage
	1.550
	< 0.001
	1.458
	0.001

	CEA
	2.631
	< 0.001
	2.528
	0.003

	CA19-9
	1.478
	0.182
	-
	-

	CA125
	0.717
	0.484
	-
	-

	Rad-score
	3.012
	< 0.001
	3.148
	< 0.001


If P value < 0.1, variables were included in the model. CEA: Carcinoembryonic antigen; CA19-9: Carbohydrate antigen 19-9; CA125: Carbohydrate antigen 125; OR: Odds ratio.


	Table 3 Comparisons of variables and models in the training and validation cohorts

	
	The training set
	The validation set

	
	AUC
	SEN (%)
	SPE (%)
	P value
	AUC
	SEN (%)
	SPE (%)
	P value

	CEA
	0.597 (0.533-0.660)
	50.00
	76.38
	< 0.001
	0.635 (0.502-0.754)
	96.55
	40.63
	0.042

	cT stage
	0.613 (0.549-0.675)
	84.35
	33.86
	< 0.001
	0.589 (0.456-0.714)
	75.86
	43.75
	0.004

	cN stage
	0.670 (0.607-0.729)
	42.61
	84.25
	< 0.001
	0.684 (0.553-0.797)
	86.21
	40.63
	0.045

	Rad-score
	0.760 (0.701-0.812)
	72.17
	69.29
	0.020
	0.782 (0.658-0.878)
	68.97
	78.12
	0.640

	Clinical model
	0.718 (0.657-0.774)
	63.48
	70.08
	< 0.001
	0.674 (0.542-0.789)
	65.52
	71.87
	0.045

	Combined model
	0.828 (0.774-0.873)
	66.09
	88.19
	
	0.801 (0.679-0.892)
	62.07
	93.75
	

	P value: Compared with the combined model by DeLong’s test. AUC: Area under the receiver operating characteristic curve; SEN: Sensitivity; SPE: Specificity; CEA: Carcinoembryonic antigen.




Table 4 Subgroup analyses of the models in the whole cohort
	
	The clinical model
	The combined model
	P value

	Subgroups
	AUC
	SEN (%)
	SPE (%)
	AUC
	SEN (%)
	SPE (%)
	

	nCRT
	
	
	
	
	
	
	

	  With (n = 62)
	0.710 (0.581-0.818)
	68.00
	75.68
	0.853 (0.740-0.930)
	68.00
	89.19
	0.011

	  Without (n = 241)
	0.712 (0.650-0.768)
	48.74
	83.61
	0.814 (0.759-0.861)
	65.55
	87.70
	< 0.001

	Stage
	
	
	
	
	
	
	

	II (n = 62)
	0.553 (0.422-0.680)
	21.05
	93.02
	0.670 (0.538-0.784)
	36.84
	100.00
	0.098

	III (n = 193)
	0.630 (0.558-0.698)
	56.52
	69.23
	0.796 (0.732-0.851)
	73.04
	79.49
	< 0.001


P value: Comparisons between the clinical model and combined model. AUC: Area under the receiver operating characteristic curve; SEN: Sensitivity; SPE: Specificity; nCRT: Neoadjuvant chemoradiotherapy.
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