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Abstract
BACKGROUND
Tumor deposits (TDs) are not equivalent to lymph node (LN) metastasis (LNM) but have become independent adverse prognostic factors in patients with rectal cancer (RC). Although preoperatively differentiating TDs and LNMs is helpful in designing individualized treatment strategies and achieving improved prognoses, it is a challenging task.

AIM
To establish a computed tomography (CT)-based radiomics model for preoperatively differentiating TDs from LNM in patients with RC.

METHODS
This study retrospectively enrolled 219 patients with RC [TDs+LNM- (n = 89); LNM+ TDs- (n = 115); TDs+LNM+ (n = 15)] from a single center between September 2016 and September 2021. Single-positive patients (i.e., TDs+LNM- and LNM+TDs-) were classified into the training (n = 163) and validation (n = 41) sets. We extracted numerous features from the enhanced CT (region 1: The main tumor; region 2: The largest peritumoral nodule). After deleting redundant features, three feature selection methods and three machine learning methods were used to select the best-performing classifier as the radiomics model (Rad-score). After validating Rad-score, its performance was further evaluated in the field of diagnosing double-positive patients (i.e., TDs+LNM+) by outlining all peritumoral nodules with diameter (short-axis) > 3 mm.

RESULTS
Rad-score 1 (radiomics signature of the main tumor) had an area under the curve (AUC) of 0.768 on the training dataset and 0.700 on the validation dataset. Rad-score 2 (radiomics signature of the largest peritumoral nodule) had a higher AUC (training set: 0.940; validation set: 0.918) than Rad-score 1. Clinical factors, including age, gender, location of RC, tumor markers, and radiological features of the largest peritumoral nodule, were excluded by logistic regression. Thus, the combined model was comprised of Rad-scores of 1 and 2. Considering that the combined model had similar AUCs with Rad-score 2 (P = 0.134 in the training set and 0.594 in the validation set), Rad-score 2 was used as the final model. For the diagnosis of double-positive patients in the mixed group [TDs+LNM+ (n = 15); single-positive (n = 15)], Rad-score 2 demonstrated moderate performance (sensitivity, 73.3%; specificity, 66.6%; and accuracy, 70.0%).

CONCLUSION
Radiomics analysis based on the largest peritumoral nodule can be helpful in preoperatively differentiating between TDs and LNM.
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Core Tip: In this study, a radiomics model based on the largest peritumoral nodule was developed to preoperatively differentiate tumor deposits (TDs) from lymph node (LN) metastasis in patients with rectal cancer. This model demonstrated good performance in both the training and validation cohorts. However, its performance decreased with the diagnosis of the double-positive patients. In summary, this model can be helpful for differentiating TDs from LN metastasis.


INTRODUCTION
Colorectal cancer (CRC) ranks third in terms of incidence and second in terms of mortality[1], and RC accounts for approximately 30% of CRC[2]. Tumor deposits (TDs) in RC are defined as discontinuous extramural extensions or focal aggregates of adenocarcinoma located in the perirectal region, without histological evidence of residual lymph node (LN) or vascular/neural structures[3,4]. As a factor for poor prognosis, TDs have attracted widespread attention in recent years[4,5]. A review published in 2017 confirmed that TDs were independently associated with lower overall and disease-free survival according to data available in the literature[4]. 
Clearly, TDs are not equivalent to LN metastasis (LNM) in terms of biology and prognosis. Among patients with LNM, the occurrence of TDs can lead to a worse prognosis[4,5], strongly indicating that their impact on prognosis is independent and additive. Therefore, TDs must be reported separately from LNM[6]. However, TDs and LNM can only be determined through pathological examinations of surgical specimens[7]. Presently, it is difficult to preoperatively differentiate TDs from LNM using computed tomography (CT).
Radiomics is a rapidly developing field of research that involves the extraction of numerous quantitative features from medical images. These features can capture characteristics of volume of interest (VOI), such as heterogeneity, and it may, alone or in combination with other data, be used to solve clinical problems[8]. Recently, some studies have reported the involvement of TDs in RC[6,9,10]. However, some previous studies did not focus on the differentiation of TDs from LNM[9,10], and Atre et al[6] used only texture analysis and lacked the construction and validation of a model. Therefore, we aimed to establish a CT-based radiomics model to preoperatively differentiate TDs from LNM in patients with RC.

MATERIALS AND METHODS
Patients
This retrospective study was approved by the institutional review board (No. 1159) of the authors’ hospital. Given the retrospective design and use of anonymized patient data, requirements for informed consent were waived.
Patient data collected between September 2016 and September 2021 were reviewed by searching radiological and pathological databases. A total of 219 patients [single-positive, 112 male, 92 female; mean ± SD age, 60 ± 12 years (range, 32-92 years); double-positive, 6 male, 9 female; mean age, 60 ± 13 years (range, 37-83 years)] were enrolled. The inclusion criteria were as follows: Diagnosis of rectal adenocarcinoma on pathology; single positive result (i.e., TDs+ or LNM+); and 15 randomly selected patients who were TDs+LNM+. The exclusion criteria were as follows: No peritumoral nodules with short-axis diameter > 3 mm on enhanced CT images (n = 22); incomplete clinical data, such as tumor markers (n = 36); patients who did not undergo surgery (n = 5); treatment before CT examination (n = 2); and poor-quality CT images (n = 4). Figure 1 shows the flow diagram of patient recruitment. Figure 2 shows the workflow of this radiomics study. Clinical characteristics, including age, gender, location of RC, tumor markers, pTN stage, extramural vascular invasion (EMVI), histological grade, and radiological features of the largest peritumoral nodule, are summarized in Table 1.

Reference standard
Pathological confirmation reports based on surgically resected specimens were obtained from the hospital’s electronic medical database. From these reports, pathological information about the main tumor and peritumoral nodules (status and number of TDs and LNMs) were obtained.

Image acquisition and evaluation
Chest-abdomen-pelvis enhanced CT can detect not only the primary tumor but also suspected metastases. The main scanning parameters of CT are described in the Supplementary Table 1.
Two experiential radiologists reviewed the CT images and recorded the radiological features while blinded to clinical and pathological information. As shown in Table 1, the tumor location and radiological features of the largest peritumoral nodule, such as size, morphology, spiculation, and CT value, was confirmed by summarizing the results of these two radiologists (disagreements were resolved by consensus discussion).

Feature extraction and model-building
The reliability of the radiomics features was tested in twenty patients. The features with intra-/inter-class correlation coefficients (ICCs) > 0.75 were considered stable[11]. Thereafter, the radiologists independently segmented the main tumor and largest peritumoral nodule by manually drawing three-dimensional VOI (Figure 2). All images were resampled to pixel spacing of 1 mm in all three dimensions. Several transformation methods, such as wavelet filter and Laplace of Gaussian filter, were applied to the original images. PyRadiomics was used to extract features from the original and filtered images[12]. Figure 2 shows the types of the features. The correlation analysis was performed to remove redundant features. In detail, if the correlation coefficient between two features was > 0.4, the one with a lower coefficient was removed. Subsequently, three feature selection methods and three machine learning methods were tested to select the best performing classifier as the radiomics model (i.e., Rad-score). Statistically significant factors from univariate and multivariate logistic regression analyses were used to develop the combined model.

Model evaluation
Receiver operating characteristic (ROC) curves of the models were performed to assess and compare their performance in identifying TDs+LNM- patients. Moreover, the performance of the models in diagnosing double-positive (i.e., TDs+LNM+) patients were further evaluated by outlining all peritumoral nodules with short-axis diameters > 3 mm in the mixed group [TDs+LNM+ (n = 15); randomly selected single-positive patients from the training or validation sets (n = 15)]. If there were two different results (TD+ or LNM+) in all the outlined peritumoral nodules of each patient, double-positive patients were considered to be diagnosed correctly.

Statistical analysis
Statistical analyses were performed using SPSS (IBM Corporation, Armonk, NY, United States), Stata (StataCorp LP, College Station, TX, United States), and MedCalc software. In Table 1, continuous variables were analyzed using t-test or Mann-Whitney U test, and categorical variables were compared using the chi-squared test or Fisher’s exact test. The areas under the curve (AUCs) of the models were compared using DeLong’s test.

RESULTS
Patient characteristics
A total of 219 patients with RC [TDs+LNM- (n = 89); LNM+TDs- (n = 115); TDs+LNM+ (n = 15)] were enrolled in this study. Clinical factors, including pathological N stage, pathological EMVI, and the size and shape of the largest peritumoral nodule, were found significantly different between the TDs+LNM- group and LNM+TDs- group. No statistical differences were found in age, gender, location of RC, tumor markers, pathological T stage, histological grade, and other features of the peritumoral nodule (spiculation and CT values) between the TDs+LNM- group and LNM+TDs- group. The patients were classified into a training set (n = 163) and a validation set (n = 41). Except for carcinoembryonic antigen (P = 0.012), no significant differences were found in the other clinical factors between the training and validation sets (Table 1).

Feature selection and model building
After evaluating the reliability, a large number of radiomics features remained (n = 1490 extracted from the tumor and 1252 from the largest peritumoral nodule), with ICCs of > 0.75. After excluding redundant radiomics features, we selected features using the L1-based method and established Rad-score using a logistic regression analysis. Features included in Rad-score are reported in the Supplementary Tables 2 and 3. Rad-score of the main tumor (Rad-score 1) and that of the largest peritumoral nodule (Rad-score 2) were independent risk factors for differentiating TDs from LNM [odds ratio (OR) = 3.267 and 14.396, respectively]. Regarding clinical factors, although the size and shape of the largest peritumoral nodule had significant difference between the TDs+ group and LNM+ group, they were all deleted in the logistic regression (P = 0.314 and 0.948, respectively; Table 2). Furthermore, a combined model integrating Rad-scores of 1 and 2 was established using the logistic regression.

Model evaluation
For classification results, the AUC for Rad-score 1 was 0.768 [95% confidence interval (CI): 0.695-0.830] in the training set and 0.700 (95%CI: 0.537-0.833) in the validation set. Rad-score 2 achieved improved performance, with an AUC of 0.940 (95%CI: 0.892-0.971) in the training set and 0.918 (95%CI: 0.789-0.981) in the validation set. The combined model (Rad-scores 1 + 2) had similar AUCs to Rad-score 2 in both the training and validation sets, as shown in Table 3 and Figure 3A and B. Thus, Rad-score 2 (Rad-score of the largest peritumoral nodule) was used as the final model owing to its simplicity.
In the calibration curve for Rad-score 2, the solid line was close to the reference line (dotted line), indicating that Rad-score 2 demonstrated good agreement between the prediction (x-axis) and observation (y-axis) (Figure 3C). However, Rad-score 2 still overestimated the actual risk for TDs+ (approximately 10%, at most). A decision curve was constructed to evaluate the clinical utility of Rad-score 2 in differentiating TDs from LNM. The net benefit can be measured along the y-axis. Figure 3D shows that Rad-score 2 yielded more benefit than “treat all”, “treat none”, and Rad-score 1. A case example is shown in Figure 4.
Moreover, all peritumoral nodules with short-axis diameter > 3 mm were delineated in each patient in the mixed group [TDs+LNM+ (n = 15); single-positive (n = 15)] to evaluate the performance of the models in predicting double-positive (i.e., TDs+LNM+) patients. Of the 30 patients, 134 peritumoral nodules were delineated. Rad-score 2 had a moderate accuracy of 70% (sensitivity, 73.3%; specificity, 66.6%). Because the combined model had the same accuracy of 70% as Rad-score 2, it confirmed the use of Rad-score 2 as the final model.

Subgroup analysis
In view of the prognostic difference between the upper and middle-lower RC[13], we performed a subgroup analysis indicating that Rad-score 2 had high AUCs in both the upper [0.941 (95%CI: 0.853-0.984)] and middle-lower [0.931 (95%CI: 0.875-0.967)] RC groups. For patients receiving neoadjuvant chemoradiotherapy (nCRT), Rad-score 2 also had high AUCs, as shown in Table 4. In these subgroup analyses, Rad-score 2 outperformed Rad-score 1.
The American Joint Committee on Cancer (AJCC) tumor-node-metastasis (TNM) staging system has not correlated a higher number of TDs with staging, unlike LNs (e.g., N1, 1-3 and N2, ≥ 4 regional LNs)[14]. Several authors have found that patients with ≥ 3 TDs have a significantly worse prognosis than those with 1-2 TDs[15]. However, in this study, the values of Rad-scores 1 and 2 were not significantly different between the ≥ 3 TDs group and the 1-2 TDs group (P = 0.838 for Rad-score 1, and P = 0.309 for Rad-score 2) (Table 4).

DISCUSSION
Our study established a new radiomics signature (Rad-score 2) based on 11 features extracted from the largest peritumoral nodule, demonstrating the potential for preoperatively differentiating TDs from LNM. Moreover, Rad-score 2 outperformed Rad-score 1 (based on the main tumor) in this field [0.918 vs 0.700 (P = 0.032) in the validation set]. However, this model had a minor overestimation of TDs+ probability for most of the included patients.
The 8th AJCC TNM staging system incorporates a N1c category for RC patients with TDs+LNM-. The N1c category represents 5% to 10% of RC with TDs (TDs+LNM- and TDs+LNM+) observed in approximately 20% of all rectal adenocarcinomas[5]. Although many authors have speculated on the origin of TDs, the phenomenon remains unclear. However, some authors have found that a significant proportion of TDs cannot be traced back to the LN[16]. Goldstein et al[17] reported that, after performing experiments on deeper sections, most TDs (up to 90%) exhibited signs of > 1 origin. Currently, the only method to determine the status of peritumoral nodules is the histopathologic examination of the resected specimens. The preoperative differentiation of TDs and LNM facilitates the design of individualized treatment strategies and evaluation of prognosis. 
Unlike CT and magnetic resonance imaging (MRI), radiomics may solve clinical problems by extracting an enormous number of features which can quantify invisible differences in tissues for the human eye. Several radiomics studies investigating TDs[6,9,10] and LNM[18-21] have been reported in RC. There were, however, some differences in our study. First, in contrast to most previous models (predicting single factor positive TDs[9,10] or LNM[18-21]), our model can be used to predict the status of both TDs and LNM. When a peritumoral nodule with a short-axis diameter > 3 mm was found on CT images, we could then use our model to predict the classification of this nodule (TDs+ or LNM+) and further identify the patient as TDs+ only, LNM+ only, or double positive. Second, we delineated the main tumor and the largest peritumoral nodule, while previous authors delineated the tumor and whole peritumoral fat[10] or only the main tumor[9]. Third, our study included a larger sample size of TDs+ patients (n = 89) and had a higher AUC (0.918 in the validation set) than those reported by Chen et al[10] [TDs+ (n = 40); AUC 0.795], Yang et al[9] [TDs+ (n = 23); AUC 0.820], and Atre et al[6] [TDs+ (n = 25); AUC 0.810]. Finally, although Atre et al[6] could also predict both TDs+ and LNM+, they only performed texture analysis, which was clearly different from the analysis in our study.
Notably, double-positive patients had a worse prognosis than those with TDs+ or LNM+ only. One positive LN 5-year survival rate was 62% without TDs, vs 44% with TDs[4]. Thus, preoperative diagnosis of double-positive patients is of great clinical significance. However, the performance of the model decreased (accuracy, 70%) when used to diagnose double-positive patients. We speculated that this may be related to the following factors. First, we established a model based on the largest peritumoral nodule. When diagnosing double-positive patients, we used all peritumoral nodules (> 3 mm). Thus, the mean size in the mixed group was smaller than that in the training set. Second, the sample size of the mixed group was small. Third, among the double-positive patients, some LNMs were incorrectly evaluated as TDs. In these lesions, the value of wavelet-HLH_firstorder_Median (a radiomics feature) decreased. In the future, we will include a larger sample to improve the applicability of the model in double-positive patients.
Nevertheless, the nature of TDs after neoadjuvant therapy remains unclear. Regarding the 77 patients who underwent nCRT in our study, the AUC for the Rad-score 2 did not decrease significantly (0.897), indicating that the model was stable. Regarding the tumor location, the AUCs of the model were also similar between the upper and middle-lower RC. Our model failed to differentiate between groups with ≥ 3 TDs and 1-2 TDs (P = 0.309).
Our study had several limitations. Firstly, because this was a retrospective study, selection bias may have been introduced. Secondly, to directly compare peritumoral nodules, we especially selected a sample comprising TDs+LNM- and LNM+TDs- and outlined the largest peritumoral nodule. However, it was still possible to identify benign peritumoral nodules. Thirdly, this was a single-center analysis. In the future, it will be necessary to conduct an external validation to confirm the versatility of the model.

CONCLUSION
A radiomics signature based on the largest peritumoral nodule is established in this article. This signature can facilitate the preoperative differentiation of TDs from LNM.

ARTICLE HIGHLIGHTS
Research background
Tumor deposits (TDs) are not equivalent to lymph node (LN) metastasis (LNM) but have become independent adverse prognostic factors in patients with rectal cancer (RC). If TDs can be differentiated from LNM before therapy, individualized treatment and patient prognosis may greatly improve.

Research motivation
Currently, preoperative differentiation of TDs and LNM can be challenging.

Research objectives
To establish a radiomics model for preoperatively differentiating between TDs and LNM in patients with RC.

Research methods
The present study retrospectively enrolled 219 patients with RC [TDs+LNM- (n = 89); LNM+TDs- (n = 115); TDs+LNM+ (n = 15)] from a single center between September 2016 and September 2021. Single-positive patients (TDs+LNM- and LNM+TDs-) were classified into training (n = 163) and validation (n = 41) sets. Rad-scores were established based on the main tumor and largest peritumoral nodule. After validating Rad-score, we further evaluated its performance for diagnosing double-positive patients (i.e., TDs+LNM+) by outlining all peritumoral nodules with diameters > 3 mm (short axis).

Research results
Rad-score 1 (radiomics signature of the main tumor) had an area under the curve (AUC) of 0.768 on the training dataset and 0.700 on the validation dataset. Rad-score 2 (radiomics signature of the largest peritumoral nodule) had a higher AUC (training set: 0.940; validation set: 0.918) than Rad-score 1. For the diagnosis of double-positive patients in the mixed group [TDs+LNM+ (n = 15); single-positive (n = 15)], Rad-score 2 demonstrated moderate performance (sensitivity, 73.3%; specificity, 66.6%; and accuracy, 70%).

Research conclusions
The radiomics signature of the largest peritumoral nodule could provide individualized preoperative differentiation of TDs and LNM. Moreover, it was helpful in diagnosing patients who were TDs+LNM+.

Research perspectives
To improve the model, surgeons, radiologists, and pathologists should collaborate through prospective research to achieve node-to-node correspondence between CT images and pathological examinations in the future.
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Figure Legends
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Figure 1 Flowchart of patients’ recruitment pathway. RC: Rectal cancer; CT: Computed tomography; TDs: Tumor deposits; LNM: Lymph node metastasis.
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Figure 2 Radiomics workflow. 3D VOI: Three-dimensional volume of interest; 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; ROC: Receiver operating characteristic curve.


[bookmark: _GoBack][image: ]
Figure 3 Comparisons of the receiver operating characteristic curves, and fit and usefulness evaluation of Rad-score 2. A: In the training set: Area under the curve (AUC) = 0.768 for Rad-score 1, 0.955 for the combined model, and 0.940 for Rad-score 2; B: In the validation set: AUC = 0.700 for Rad-score 1, 0.930 for the combined model, and 0.918 for Rad-score 2; C: The calibration curve of Rad-score 2 shows good agreement between the predicted and observed risks in the training cohort; D: The decision curve demonstrates that Rad-score 2 obtains more benefit than “treat all”, “treat none”, and Rad-score 1. Rad-score 1: Rad-score of the main tumor; Rad-score 2: Rad-score of the largest peritumoral nodule; AUC: Area under the curve.
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Figure 4 Case presentation. A: A 56-year-old man with upper RC, the nodule of TDs (size: 24 mm × 16 mm) had an irregular shape; B: A 44-year-old man with lower RC, the nodule of TDs (size: 14 mm × 11 mm) had a regular oval shape. It is difficult to distinguish TDs and LNM from conventional imaging findings. For these two patients, Rad-score of the largest peritumoral nodule achieved correct diagnosis (values = 0.98 and 0.97, respectively). RC: Rectal cancer; TDs: Tumor deposits; LNM: Lymph node metastasis.

Table 1 Baseline and clinical characteristics of the included patients
	Characteristics
	TDs+LNM-(n = 89)
	LNM+TDs– (n = 115)
	P value
	Training set (n = 163)
	Validation set (n = 41)
	P value

	Age (mean ± SD, yr)
	59 ± 12
	61 ± 12
	0.268
	60 ± 12
	60 ± 11
	0.965

	Gender (man/woman)
	49/40
	63/52
	0.969
	94/69
	18/23
	0.113

	Location (middle-low/high)
	65/24
	74/41
	0.187
	107/56
	32/9
	0.128

	Neoadjuvant therapy (+/-)
	34/55
	43/72
	0.906
	62/101
	15/26
	0.864

	CEA (+/-) (positive ≥ 5 ng/mL)
	42/47
	43/72
	0.159
	75/88
	10/31
	0.012

	CA19-9 (+/-) (positive ≥ 30 U/mL)
	23/66
	18/97
	0.072
	34/129
	7/34
	0.589

	CA125 (+/-) (positive ≥ 24 U/mL)
	13/76
	14/101
	0.611
	21/142
	6/35
	0.767

	pT stage (T1/T2/T3/T4)
	0/9/70/10
	4/12/93/6
	0.063
	4/17/127/15
	0/4/36/1
	0.894

	pN stage (1a/1b/1c/2a/2b)
	0/0/89/0/0
	52/39/0/15/9
	< 0.001
	37/33/71/13/9
	15/6/18/2/0
	0.115

	Histologic EMVI (+/-)
	33/56
	16/99
	< 0.001
	41/122
	8/33
	0.450

	Histologic grade (G1/G2/G3)
	1/63/25
	0/76/39
	0.299
	0/113/50
	1/26/14
	0.901

	Peritumoral nodule
	
	
	
	
	
	

	Shape (irregular/regular)
	12/77
	2/113
	0.003
	11/152
	3/38
	0.898

	Spiculation (+/-)
	7/82
	2/113
	0.077
	7/156
	2/39
	0.871

	Size (mm2) (median)
	72.7
	41.2
	< 0.001
	54
	43
	0.886

	CT value (HU)
	61 ± 22
	65 ± 23
	0.258
	64 ± 23
	63 ± 23
	0.858

	Rad-score 1 (median)
	0.71
	0.39
	< 0.001
	0.44
	0.71
	0.002

	Rad-score 2 (median)
	0.89
	0.13
	< 0.001
	0.39
	0.62
	0.561


Rad-score 1: Rad-score of the main tumor; Rad-score 2: Rad-score of the largest peritumoral nodule; CT: Computed tomography; TDs: Tumor deposits; LNM: Lymph node metastasis; CEA: Carcinoembryonic antigen; CA19-9: Carbohydrate antigen 19-9; CA125: Carbohydrate antigen 125; pT stage: Pathological T stage; pN stage: Pathological N stage; EMVI: Extramural vascular invasion.
Table 2 Univariate and multivariate logistic regression analysis
	Variables
	Univariate
	Multivariate

	
	OR
	P value
	OR
	P value

	Age
	0.995
	0.693
	-
	-

	Gender
	0.820
	0.534
	-
	-

	Location
	0.819
	0.282
	-
	-

	CEA
	1.546
	0.171
	-
	-

	CA19-9
	1.613
	0.217
	-
	-

	CA125
	1.503
	0.384
	-
	-

	Peritumoral nodule
	
	
	
	

	Shape
	14.918
	0.011
	0.915
	0.948

	Spiculated (+/-)
	8.400
	0.051
	-
	-

	Size (mm2)
	1.009
	0.001
	0.999
	0.314

	CT value (HU)
	0.994
	0.364
	-
	-

	Rad-score 1
	2.946
	< 0.001
	3.267
	< 0.001

	Rad-score 2
	11.979
	< 0.001
	14.396
	< 0.001


Rad-score 1: Rad-score of the main tumor; Rad-score 2: Rad-score of the largest peritumoral nodule; CEA: Carcinoembryonic antigen; CA19-9: Carbohydrate antigen 19-9; CA125: Carbohydrate antigen 125; CT: Computed tomography; OR: Odds ratio.

Table 3 Comparisons of the models in the training, validation, and mixed groups
	
	Training set
	Validation set
	Mixed group

	
	AUC
	SEN
	SPE
	P value
	AUC
	SEN
	SPE
	P value
	SEN
	SPE
	Accuracy

	Rad-score 1
	0.768 (95%CI: 0.695-0.830)
	66.2%
	70.7%
	< 0.001
	0.700 (95%CI: 0.537-0.833)
	77.8%
	47.8%
	0.032
	-
	-
	-

	Combined model
	0.955 (95%CI: 0.910-0.981)
	83.1%
	88.0%
	0.134
	0.930 (95%CI: 0.805-0.986)
	94.4%
	82.6%
	0.594
	66.6%
	73.3%
	70.0%

	Rad-score 2
	0.940 (95%CI: 0.892-0.971)
	83.1%
	84.8%
	
	0.918 (95%CI: 0.789-0.981)
	83.3%
	82.6%
	
	73.3%
	66.6%
	70.0%


The mixed group consisted of 15 double-positive (TDs+LNM+) and 15 single-positive (11 TDs+LNM- and 4 LNM+TDs-) patients. P value: compared with Rad-score 2 by DeLong’s test. Rad-score 1: Rad-score of the main tumor; Rad-score 2: Rad-score of the largest peritumoral nodule; TDs: Tumor deposits; LNM: Lymph node metastasis; AUC: Area under the curve; SEN: Sensitivity; SPE: Specificity.

Table 4 Subgroup analyses of the models in single-positive patients
	
	Rad-score 1
	Rad-score 2
	P value

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

	nCRT
	
	
	
	
	
	
	

	With (n = 77)
	0.740 (95%CI: 0.628-0.833)
	73.5%
	74.4%
	0.897 (95%CI: 0.806-0.954)
	73.5%
	90.7%
	0.014

	Without (n = 127)
	0.753 (95%CI: 0.668-0.825)
	60%
	86.1%
	0.957 (95%CI: 0.905-0.985)
	89.1%
	93.1%
	< 0.001

	Location
	
	
	
	
	
	
	

	Mid-low (n = 139)
	0.782 (95%CI: 0.704-0.848)
	75.4%
	62.2%
	0.931 (95%CI: 0.875-0.967)
	86.2%
	82.4%
	< 0.001

	High (n = 65)
	0.643 (95%CI: 0.515-0.758)
	54.2%
	73.2%
	0.941 (95%CI: 0.853-0.984)
	83.3%
	85.4%
	< 0.001

	Number of TDs
	1-2 (n = 50)
	≥ 3 (n = 39)
	P = 0.838
	1-2 (n = 50)
	≥ 3 (n = 39)
	P = 0.309

	Value
	0.64 ± 0.24
	0.65 ± 0.22
	
	0.83 ± 0.22
	0.77 ± 0.26
	


Rad-score 1: Rad-score of the main tumor; Rad-score 2: Rad-score of the largest peritumoral nodule; TDs: Tumor deposits; AUC: Area under the curve; SEN: Sensitivity; SPE: Specificity; nCRT: Neoadjuvant chemoradiotherapy.
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